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摘要 
生物資料庫作為實驗研究與文獻彙整的核心樞紐，使科學家能高效的存取其專業

領域內的資訊。資料庫提供者的目標不僅在於收集高品質的數據，亦在於確保服務

的穩定性及搜尋結果的準確性。近年來大型語言模型的突破賦予模型強大的語意

理解能力，使直覺式的自然語言搜尋成為可能。本研究整合大型語言模型至兩個不

同的生物資料庫。MSCare 是一個基於間質幹細胞 PubMed 文獻所建構的聊天機器

人，為與非結構化文字資料互動的例子；TWHM 聊天機器人則輔助臺灣漢醫藥 

(TWHM) 資料庫，為與關聯式資料庫中結構化資料互動的例子。MSCare 利用文字

嵌入 (text embeddings) 與知識圖譜 (knowledge graph) 擷取相關文獻資訊並進行

推理；TWHM 聊天機器人則利用大型語言模型生成 SQL，以支援藉自然語言進行

進階資料庫查詢的技術。本研究設計了客製化的評估方法，用以分析並提升兩個系

統的回應品質。結果顯示，MSCare 在超過 75%的問題上優於基準的大型語言模型，

該表現主要來自於文字嵌入方法的貢獻。知識圖譜進一步提升了回應多樣性，並支

援間接關係的推理，儘管在回應完整性方面仍有部分限制。MSCare 的知識圖譜呈

現無尺度網路 (scale-free network) 的特性，並有效捕捉 MSC 研究中的生物實體。

藉本研究設計之資料表選擇與查詢優化策略，TWHM 聊天機器人在 SQL 生成與執

行方面有高成功率。本研究驗證了整合大型語言模型至生物資料庫的可行性。然而，

在知識圖譜建構、檢索策略及系統效能的評估上仍存在挑戰，為後續研究與優化的

重要方向。 

 

關鍵字：生物資料庫、大型語言模型、檢索增強生成、語意搜尋、知識圖譜、自然

語言轉 SQL (text-to-SQL) 
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Abstract 

Biological databases serve as central hubs for collecting and organizing experimental 

research and literature, enabling scientists to efficiently access domain-specific 

information. Database providers aim not only to curate high-quality data but also to 

ensure stable services and accurate search results. Recent advances in large language 

models (LLMs) have introduced powerful semantic understanding capabilities, allowing 

for more intuitive searches using natural language. This study explores the integration of 

LLMs into two distinct biological databases. MSCare, a chatbot built on PubMed articles 

related to mesenchymal stem cells (MSCs), enables interaction with unstructured textual 

data. The TWHM chatbot, developed to supplement the Taiwan Han Medicine (TWHM) 

database, facilitates interaction with structured data stored in a relational database. 

MSCare integrates text embeddings and a knowledge graph to extract biomedical content 

and support reasoning, while the TWHM chatbot uses LLM-based SQL query generation 

to support advanced searches based on natural language questions. Custom evaluation 

methods were developed to assess and enhance the response quality of both systems. 

Results show that MSCare outperforms a baseline LLM on more than 75% of questions, 

with the primary contribution coming from the text embedding approach. The knowledge 

graph further enhances response diversity and supports reasoning over indirect 

relationships, despite some limitations in contextual completeness. The MSC knowledge 

graph exhibits scale-free properties and effectively captures key entities central to MSC 

research. The TWHM chatbot achieves a high success rate in SQL query generation and 

execution, enabled by tailored schema selection and query refinement strategies. This 

study demonstrates the feasibility of integrating LLMs into biological databases. 

Nevertheless, challenges remain in knowledge graph construction, retrieval strategy 
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design, and precise system performance evaluation. These areas represent key directions 

for future enhancement. 

 

Keywords: biological databases, large language models, retrieval-augmented generation, 

semantic search, knowledge graph, text-to-SQL 
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Chapter 1 Introduction 

1.1 Motivation 

“If we are to satisfy the needs of casual users of data bases, we must break through the 

barriers that presently prevent these users from freely employing their native language 

(e.g., English) to specify what they want.” — Codd (1974) 

 

 Communication—a process of exchanging information—facilitates the transfer of 

messages and the collection of feedback. Humans communicate through spoken 

languages, written messages, facial expressions, physical body language, and so on. 

Modern machines, on the other hand, communicate through electrical and digital signals. 

The gap between human and machine communication is bridged by programming 

languages, where humans express intent by composing logically and syntactically correct 

code. This code is then analyzed and translated into digital representations that machines 

can execute. 

 In our daily interactions with computers, we often use them to store, analyze, and 

request data. We store information such as documents and photos; we analyze data using 

tools like spreadsheets; and we request data from online sources when browsing the news, 

checking the weather, or receiving emails. To handle this information efficiently, data is 

typically organized in standardized formats, such as PNG for images, JSON for structured 

documents, and CSV for tabular data. To manage large collections of such data for reliable 

storage and retrieval, databases were developed. They are found in nearly every digital 

system we use. 

 To communicate with databases, programmers use the query languages designed by 

database developers to create or retrieve records. When written correctly, these queries 
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allow data to be accessed or stored precisely and reliably. Because the language is formal 

and unambiguous, each query is translated into a series of operations that produce 

consistent results across different machines. This forms the foundation of what we expect 

when interacting with a database: accuracy, consistency, and reliability. 

 However, using a database requires that a user’s intent be translated into the specific 

language the database understands. This process can become a significant hurdle for users 

who are not familiar with the underlying query language. To lower this barrier, database 

service providers often offer user-friendly interfaces. These may include input forms, 

drop-down menus, and step-by-step guides that help users interact with the system 

without writing code. While such interfaces make databases more accessible, they are 

typically limited in flexibility and expressiveness, especially when users want to ask 

complex or nuanced questions. 

 With greater access to computational resources, researchers have begun developing 

large-scale models capable of understanding the natural language we use in everyday 

communication in a general and adaptable way. Trained on vast amounts of data, these 

models can generate meaningful representations of input text or produce responses that 

align closely with the user’s intent. 

This opens up an exciting opportunity: 

 Can we leverage these models to understand natural language questions, efficiently 

retrieve relevant content from a database, and perhaps go one step further to summarize 

the retrieved information and deliver precise, reliable answers to users? If so, how can 

such a system be designed? 

 This study serves as one of the attempts in this rapidly evolving field to help connect 

users and databases more seamlessly, and to make data access more natural and intuitive. 
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1.2 Research Aims and Objectives 

This study aims to develop practical and useful natural language interfaces, commonly 

referred to as chatbots, to assist biological researchers in using natural language queries 

to access information stored in structured tabular formats and unstructured text. 

 The work focuses on two data sources: a collection of PubMed articles related to 

mesenchymal stem cells (MSCs) and our Taiwan Han Medicine (TWHM) database, 

which curates information about herbs, ingredients, gene targets, and diseases in tabular 

formats. The resulting chatbot interfaces are referred to as MSCare and the TWHM 

chatbot, respectively. 

 This study investigates retrieval and information encoding strategies for each data 

type. For the MSC dataset, we evaluate the use of text embedding models and knowledge 

graphs to support semantic and relationship-based retrieval. Specifically, we explore how 

large language models (LLMs) can be used to extract relationships between biological 

entities from text and construct a corresponding knowledge graph. For the TWHM 

database, we apply a text-to-SQL approach that leverages LLMs to interpret user 

questions and convert them into executable SQL queries for retrieving database records. 

 In addition, we explore the evaluation of both chatbot systems using LLM-based 

methods, aiming to assess the performance of system components and identify limitations 

through error case studies. 

 Through this work, we aim to contribute insights into the design, retrieval strategies, 

and evaluation of chatbot systems for accessing biological information from custom 

datasets with diverse data formats. 
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1.3 Thesis Structure 

The remainder of this thesis is structured as follows:  

Chapter Two presents the background concepts relevant to this work, including 

language models, retrieval-augmented generation, databases, embedding models, 

knowledge graphs, and text-to-SQL techniques. 

Chapter Three describes the methodology and materials used in this study, including 

the design of the two chatbot systems, the processing and structuring of the MSC articles, 

the construction and schema of the TWHM database, data retrieval mechanisms, and 

evaluation setup. 

 Chapter Four presents the results and evaluation of MSCare, the chatbot developed 

for interacting with unstructured biomedical literature using embedding and knowledge 

graph-based retrieval. 

 Chapter Five presents the results and evaluation of the TWHM chatbot, which 

exploits a text-to-SQL approach to retrieve database records from a relational database. 

 Chapter Six discusses the findings, limitations, challenges, and potential 

improvements for both systems and the evaluation methods. 

 Chapter Seven concludes the thesis and suggests directions for future work. 
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Chapter 2 Background 

This chapter introduces the foundational concepts and techniques used in this study and 

briefly reviews prior work in each area. 

 Language models serve as the foundation for interpreting user queries and 

generating responses (Chapter 2.1). Retrieval-augmented generation (RAG) refers to the 

method of generating responses grounded in retrieved content (Chapter 2.2). Database 

management systems (DBMSs), commonly referred to as databases, are central to data 

storage and retrieval (Chapter 2.3). Text embedding models play an important role in 

encoding text into numerical representations suitable for semantic search and comparison 

(Chapter 2.4). Knowledge graphs represent data as entities connected by relationships, 

enabling both direct retrieval and reasoning over paths between entities (Chapter 2.5). 

Text-to-SQL is the task of translating natural language questions into executable database 

queries (Chapter 2.6). 

 

2.1 Language Models 

2.1.1 General Concepts 

Language models are systems designed to predict sequences of tokens, where a token is 

a basic unit of text that the model operates on. A token may represent a word, subword, 

or single character, depending on how the token set is defined by the model developer. 

Most modern language models function by predicting the next token in a sequence, one 

token at a time. 

 Large language models (LLMs) generate responses by continuing this token-by-

token prediction process until a stopping condition is met. This can be a special stop token 

or a predefined maximum output length. Internally, the model computes a probability 
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distribution over possible next tokens at each step and samples from this distribution to 

generate output. 

This sampling process can be influenced by various parameters. For example, 

temperature controls randomness. A lower temperature makes the model more likely to 

select high-probability tokens, resulting in more deterministic behavior, while a higher 

temperature allows for more diverse output. Top-k sampling restricts the choices to the k 

most probable tokens. Top-p sampling selects from the smallest set of tokens whose 

cumulative probability exceeds a given threshold p. 

Another important concept is the prompt. A prompt is the input text provided to the 

model that guides its response. A system prompt refers to a special prompt defined by the 

model developers or service providers. This prompt typically acts as an instruction or 

constraint that shapes the model’s behavior and often takes precedence over the user-

provided input. 

 The chatbot systems developed in this study are guided by specific system prompts, 

as detailed in Chapter Three. Additionally, to encourage more deterministic output, the 

temperature is set to 0. 

2.1.2 A Brief History of Language Models 

Early development of language models focused on n-gram models, where an n-gram 

refers to a sequence of n words. This concept, first mentioned by Shannon (1948), is based 

on modeling transitions between word sequences. These models rely on the Markov 

assumption, where the probability of the next word is conditioned only on the preceding 

n-1 words. Training is typically done by maximum likelihood estimation (MLE) using a 

large corpus of text.  

Artificial neural networks (ANN), inspired by how neurons transmit signals, were 

later proposed as a way to enhance language models. ANNs use layered mathematical 
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functions to simulate how neurons collect and transmit signals. Bengio et al. (2003) 

introduced the idea of applying neural networks to language models, though the 

computational limitations at the time restricted their practicality. 

In recent years, increased computational resources have lifted many of these 

constraints, making it feasible to build much larger models. The term large language 

model (LLM) generally refers to models that are based on the transformer architecture, 

introduced by Vaswani et al. (2017). Transformers use an attention mechanism (Bahdanau 

et al., 2014) to compute the importance and relationships between all pairs of tokens in a 

sequence. A transformer consists of two main components: an encoder and a decoder. The 

encoder applies attention over all input tokens, while the decoder attends only to 

previously seen output tokens. This design seeded a wide range of innovations in later 

language model developments. 

A major milestone in this direction was the introduction of Generative Pre-trained 

Transformer (GPT) by Radford et al. (2018). Instead of relying entirely on manually 

labeled data, the model is first trained on vast amounts of text by learning to predict the 

next token in a sentence using the preceding tokens as input. This process is known as 

pretraining. GPT uses only the decoder portion of the transformer architecture. Once 

pretrained, the model can be fine-tuned on task-specific datasets to perform tasks such as 

classification, translation, question answering, and code or text generation. 

A contrasting paradigm was proposed in Bidirectional Encoder Representations 

from Transformers (BERT) (Devlin et al., 2018), which uses only the encoder part of the 

transformer. It is pretrained to predict masked tokens in a sequence, encouraging a 

bidirectional understanding of context. 

2.1.3 Capabilities of Large Language Models 

As model sizes grew, researchers discovered that performance scales predictably with 
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data size, model size, and computation. This phenomenon was described by Kaplan et al. 

(2020). One of the most influential models, GPT-3 (Brown et al., 2020), with 175 billion 

parameters, demonstrated in-context learning capability, which refers to the ability to 

perform tasks based on a few examples given in the input prompt, without updating model 

weights. 

Subsequent studies found that LLMs pretrained on diverse tasks can generalize to 

unseen ones (Sanh et al., 2021; Wei et al., 2021). Wei et al. (2022) introduced the idea of 

emergent abilities, the capabilities that arise only at a certain scale and are not present in 

smaller models. 

 These findings led to the development of techniques for prompt engineering, where 

task-specific behavior is elicited from the model by designing effective input prompts. 

Fine-tuning approaches have also been used to specialize LLMs for particular domains 

or tasks. 

 In this study, we adopt in-context learning to guide LLMs in interpreting user 

questions and generating database-relevant outputs based on retrieved content, without 

modifying model parameters. The next section introduces retrieval-augmented generation 

(RAG), a key method for grounding model responses in external data. 

 

2.2 Retrieval-Augmented Generation (RAG) 

Broadly speaking, retrieval-augmented generation (RAG) is a process in which 

generative models are provided with information retrieved from external sources to assist 

or guide content generation. This framework has been applied in various fields, including 

audio (Koizumi et al., 2020), video (Ramos et al., 2022), image (Sarto et al., 2022; Tseng 

et al., 2020), and text (Lewis et al., 2020). 
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 RAG consists of two major stages: retrieval and generation. The way these two 

components are integrated can vary considerably. Zhao et al. (2024) categorized existing 

approaches into four categories: 1) Query-based RAG combines the input and retrieved 

information directly, presenting them together to the model for output generation. 2) 

Latent representation-based RAG fuses the internal representations of the input and the 

retrieved content during the model’s computation (Borgeaud et al., 2021; Izacard and 

Grave, 2020). 3) Logit-based RAG modifies the model’s output probability distribution 

using retrieved information, influencing the model’s predictions during the generation 

process (Khandelwal et al., 2019). 4) Speculative RAG improves generation quality by 

selectively replacing generated content with retrieved content at optimal times (Lan et al., 

2023). 

 This study specifically adopts the query-based RAG approach. Retrieved content 

from databases is formatted as plain text and directly appended to the input prompt before 

being passed to the language model. Chapters 2.4.2 and 2.5.2 provide introductions to 

how RAG is applied with text embedding models and knowledge graph-based retrieval 

methods, respectively. 

 

2.3 Database Management System (DBMS) 

When we refer to a database, we are typically referring to a database management system 

(DBMS). A database is a collection of data that is stored in an organized way, and a DBMS 

is the software used to manage, access, and maintain this data. DBMSs are designed to 

efficiently support four fundamental operations: create, read, update, and delete, 

commonly abbreviated as CRUD. 

 Databases are generally classified into two broad categories: relational databases 
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(RDB) and non-relational (NoSQL) databases. Relational databases store data in tabular 

form—rows and columns—and follow the relational model proposed by Codd (1970). In 

contrast, NoSQL databases use various other data models that are not strictly tabular. 

 In relational databases, a relation corresponds to a table, where each row represents 

a record and each column represents an attribute. To reduce data redundancy and maintain 

clarity, data is often normalized and split across multiple related tables. These tables can 

be joined together to retrieve integrated information. To ensure data consistency and 

integrity across related tables, constraints are imposed. For example, suppose one table 

stores employee information and another stores the projects that employees are involved 

in. If an employee leaves the company and their record is deleted, any references to that 

employee in the projects table must also be handled appropriately, either by deleting the 

related project entries, updating them, or restricting the deletion. This behavior is 

governed by foreign key constraints, which ensure referential integrity and reflect how 

different tables are tightly connected. 

 NoSQL databases, on the other hand, do not follow the relational model. They 

include several types of data models, such as: key-value stores (e.g., Redis), wide-column 

databases (e.g., Google Bigtable), document databases (e.g., MongoDB), and graph 

databases (e.g., Neo4j). More recently, the rise of machine learning has sparked interest 

in embedding databases, which store high-dimensional vectors and support efficient 

similarity-based retrieval. 

 In this study, three types of databases are used: a relational database for structured 

tabular data, an embedding database for text embeddings, and a graph database for 

modeling the relationships between biological entities. The specific retrieval methods for 

each database type are described in the following sections. 
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2.4 Text Embedding Models and Embedding-Based RAG 

2.4.1 Text Embedding Models 

An embedding is a way of representing one object in the form of another while preserving 

essential information from the original. In mathematical terms, an object Y can be 

considered an embedding of X if there exists a one-to-one (injective) and structure-

preserving mapping 𝑓𝑓 ∶  𝑋𝑋 →  𝑌𝑌.  In the context of text embeddings, Y is typically a 

numerical vector that captures the semantic meaning of the original text. 

 The construction of text embeddings has long been a central topic in natural language 

processing (NLP), as numerical representations of text enable computers to compare, 

search, and analyze linguistic data more efficiently. A recent review by Cao (2024) 

provides a detailed overview of both early and modern approaches. 

Early methods used count-based representations, where each word or document was 

represented by frequency statistics. For example, Bag of Words (Harris, 1954) counts 

word frequencies in a document, while Term Frequency-Inverse Document Frequency 

(TF-IDF) determines the importance of a word by calculating how often it appears in a 

document and weighting it by how rare the word is across the entire corpus. 

Subsequent development shifted to dense embeddings, models such as Word2Vec 

(Mikolov et al., 2013) and GloVe (Pennington et al., 2014) are classical examples. 

Word2Vec learns word embeddings by applying a context window over sequences of text, 

encouraging words that appear in local neighborhoods to have similar vector 

representations. GloVe, on the other hand, captures co-occurrence information between 

words by encoding it directly into the dot products of word vectors. 

Later developments introduced contextual embeddings, where a word is assigned 

different vectors depending on its surrounding context. These approaches were enabled 
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by deep neural networks and have led to breakthroughs in language understanding. 

Canonical examples include Embeddings from Language Models (ELMo) (Peters et al., 

2018) and Bidirectional Encoder Representations from Transformers (BERT) (Devlin et 

al., 2018). 

Recent embedding models aim to provide general-purpose representations trained 

on massive and diverse datasets. These embeddings are designed to be used in a wide 

range of downstream tasks, including classification, summarization, and most relevant to 

this study—text retrieval. Notable examples of top-performing models with publications 

available, as evaluated by the Massive Text Embedding Benchmark (MTEB) 

(Muennighoff et al., 2022), include multilingual-e5-large-instruct (Wang et al., 2024) and 

e5-mistral-7b-instruct (Wang et al., 2023). These models are typically trained using a 

contrastive learning approach, which pulls embeddings of semantically related text pairs 

closer together in the vector space, while pushing unrelated pairs further apart. Training 

data often includes text from sources such as Wikipedia, online forums, open-access 

academic papers, and news. 

Several ranking-based evaluation metrics are widely used to measure the retrieval 

performance of text embedding models. These include precision@k, recall@k, mean 

reciprocal rank (MRR@k), and normalized discounted cumulative gain (nDCG@k). 

These metrics assess the quality of the top-k retrieved results from different perspectives 

and higher values indicate better performance. 

2.4.2 RAG with Text Embedding Models 

Text embedding models encode queries into dense numerical vectors. In a RAG setup, 

documents in the database are first segmented into chunks of a designated size and 

embedded using the same text embedding model. When a user query is received, it is 

encoded using the same model and compared with all pre-embedded document chunks 
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using a similarity measure, such as cosine similarity. The top-ranking chunks with the 

highest similarity scores are then retrieved. 

Text embedding-based retrieval is often evaluated against sparse retrieval methods, 

which serve as baselines. Sparse retrieval works by breaking a query into individual 

words and matching them as literal strings against documents in the database. Two 

canonical scoring functions in sparse retrieval are TF-IDF (described above) and BM25 

(Robertson and Zaragoza, 2009). Compared to TF-IDF, BM25 accounts for document 

length and includes tunable parameters for scoring adjustment. It is widely used in 

traditional search engines. For a text embedding model to be considered effective in an 

RAG system, its retrieval performance should be at least comparable to BM25. 

 When integrating text embedding models into RAG systems, several practical 

factors can influence retrieval quality, including chunk size and the specificity of user 

queries. Encoding longer chunks may dilute distinct meanings, resulting in less focused 

representations. Similarly, vague or underspecified queries may produce embeddings that 

fail to retrieve relevant content. 

 To address these challenges, a number of strategies have been proposed, as reviewed 

by Gao et al. (2023). For instance, hypothetical answer generation directly from the 

language model can serve as a secondary query for retrieval (Gao et al., 2022); tree-based 

methods structure document chunks hierarchically to connect smaller segments to broader 

context (Sarthi et al., 2024); and query rewriting techniques reformulate the original query 

into multiple variants to improve coverage during retrieval (Peng et al., 2023). 

 In this study, we adopt a straightforward approach involving query rephrasing and 

decomposition to improve retrieval accuracy. The top-ranked text chunks are then used 

as input for response generation. 
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2.5 Knowledge Graph and Graph RAG 

2.5.1 Biomedical Knowledge Graph 

Definitions of knowledge graphs (KGs) vary across disciplines, but a general definition 

is that knowledge graphs represent information by connecting entities through a set of 

defined, semantically meaningful relationships (Ehrlinger and Wöß, 2016). In biomedical 

contexts, entities may include genes, diseases, chemicals, phenotypes, and other 

biological concepts. These entities are linked by predefined relationship types such as 

CAUSES, TREATS, or AFFECTS. Biomedical knowledge graphs (BKGs) have been 

applied to a range of tasks, including adverse drug effect prediction (Bean et al., 2017), 

drug-repurposing (Cavalleri et al., 2024), and visualizing connections in omics data (Feng 

et al., 2022). 

 BKGs are typically constructed using curated biomedical vocabularies for 

consistency and synonym resolution. One of the most widely used is the Unified Medical 

Language System (UMLS) (Bodenreider, 2004), which aggregates concepts from 

multiple clinical and medical thesauri. The relationships in BKGs can be extracted either 

manually or through automated, machine-assisted methods. Manually curated databases 

include OMIM (Amberger et al., 2019), which catalogs phenotype-genotype relationships; 

COSMIC (Forbes et al., 2017), which focuses on gene, variant, and tumor type 

relationships; and CARD (Jia et al., 2017), which documents antimicrobial resistance 

information of genes, variants, and drugs. The curation process often requires extensive 

human effort and domain expertise. On the other hand, automated methods typically 

involve text mining from biomedical literature. Rule-based techniques include keyword 

matching, syntactic parsing (Warikoo et al., 2018; Xu et al., 2016), and use of grammatical 

patterns (Jonnalagadda and Gonzalez, 2010; Ravikumar et al., 2017). With the 
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development of machine learning methods, more advanced systems have emerged. These 

are often trained on curated benchmark datasets such as BioCreative (Islamaj Doğan et 

al., 2017; Li et al., 2016), which support tasks such as named entity recognition and 

extraction of chemical-disease or protein-protein interactions. PubTator3 (Wei et al., 

2024), one of the current state-of-the-art tools, reports F-scores exceeding 80% for 

identifying entities such as genes, variants, diseases, and chemicals, as well as extracting 

relationships between them. 

 Recent work has leveraged these advances to construct large-scale BKGs. For 

example, BIOS (Yu et al., 2022) uses machine learning and UMLS annotations to extract 

structured knowledge from biomedical texts. iGraph (Zhang et al., 2025) constructs a 

graph from all PubMed abstracts and integrates relationships from over 40 biomedical 

databases to enrich its structure. These resources have been applied to downstream tasks 

such as drug repurposing by supporting inference over indirect causal paths. 

 Despite promising results from task-specific models, the emergence of LLMs 

presents new opportunities. In particular, the in-context learning capabilities of LLMs 

allow for flexible extraction of entities and relationships through prompt-based 

instructions, eliminating the need for retraining. This is especially advantageous when 

different datasets require different sets of entity or relationship types. 

 In this study, LLMs are used to extract specific information from a collection of 

mesenchymal stem cell (MSC)-related publications. The extracted information is then 

encoded into a biomedical knowledge graph, which serves as an intermediate knowledge 

representation. This graph is later used to support RAG, enabling the LLM to produce 

responses based on structured biological relationships. 

2.5.2 RAG with Knowledge Graphs 

Retrieval with text embedding models relies on identifying the most similar text chunks 
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to a query in embedding space. In contrast, retrieval based on knowledge graphs 

emphasizes the exact relationships between entities. While RAG with text embeddings 

often suffers from redundancy in retrieved chunks, a knowledge graph can collapse such 

redundancy into a small number of explicit relationships. Moreover, knowledge graphs 

enable the expansion of retrieved entities and relationships into their surrounding context, 

allowing for the construction of connected subgraphs that facilitate a broader and more 

integrated understanding. 

 Despite these advantages, two key challenges exist in knowledge graph-based 

retrieval (Peng et al., 2024). First, as the graph scales in size, the number of potentially 

relevant relationships or subgraphs can grow rapidly, necessitating efficient search and 

ranking strategies. Second, translating natural language queries into graph retrieval 

operations requires careful design. Several strategies have been proposed to address these 

issues. For example, G-Retriever encodes node and edge attributes into embeddings, 

retrieves relevant elements based on similarity, and constructs a connected subgraph for 

generation (He et al., 2024). GNN-RAG uses a trained graph neural network (GNN) to 

classify entities as relevant or not and then retrieve the shortest paths between them for 

response generation (Mavromatis and Karypis, 2024). KG-Agent (Jiang et al., 2024) and 

StructGPT (Jiang et al., 2023) take a different approach by defining sets of graph-related 

functions used by LLMs to retrieve relevant entities, relationships, paths, and graph 

statistics. 

 Different formats have also been explored for presenting graph data to LLMs. These 

include adjacency lists, edge tables, and structured formats such as Graph Modeling 

Language (GML) and Graph Markup Language (GraphML) (Guo et al., 2023). Variations 

in node and edge representations, such as using names, integers, or symbols for nodes, 

and arrows or parentheses for edge directions, have been evaluated for their impact on 
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LLM understanding and output quality (Fatemi et al., 2023). 

 In this study, several graph-related functions are designed for the LLM to retrieve 

relevant entities, relationships, and paths. Retrieved results are ranked using a tiered 

ranking mechanism. The final results are presented to the LLMs as plain text, using entity 

names for nodes and directional arrows to represent relationships.  

 

2.6 Text-to-SQL 

Text-to-SQL refers to the task of converting a natural language question into a structured 

query that can be executed on a database. For decades, significant effort has been devoted 

to building natural language interfaces for databases (NLIDBs). Early work relied on 

input keywords to identify relevant parts of the database schema and leveraged foreign 

key constraints to navigate relationships between tables when constructing candidate SQL 

queries (Hristidis et al., 2003; Hristidis and Papakonstantinou, 2002; Luo et al., 2007). 

Some studies went a step further by parsing natural language questions to extract 

keywords and phrases, mapping them to schema elements and relationships, and then 

composing SQL queries accordingly (Li and Jagadish, 2014; Popescu et al., 2004; 

Yaghmazadeh et al., 2017). 

With the rise of neural network-based methods, the field shifted toward encoding 

natural language queries, keywords, and database schemas into latent representations, 

followed by decoding them into valid SQL queries using grammar-aware decoders (Guo 

et al., 2019; Wang et al., 2019). This led to a wave of work exploring various architectures 

for encoding, decoding, and training such models. A comprehensive review of these 

approaches can be found in Katsogiannis-Meimarakis and Koutrika (2023). 

 More recently, the emergence of LLMs has had a transformative impact on the text-
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to-SQL task. Several review studies have compiled and examined existing methods that 

apply in-context learning and fine-tuning approaches to guide LLMs in SQL query 

generation (Hong et al., 2024; Mohammadjafari et al., 2024). Rather than training models 

specifically for the task, researchers began leveraging the knowledge already learned by 

LLMs, prompting them to generate valid SQL queries using in-context examples. This 

typically involves providing the database schema, example values for each column, and 

a few illustrative question-query pairs. While fine-tuning or pretraining LLMs on 

additional SQL datasets can further improve performance on text-to-SQL benchmarks (Li 

et al., 2024; Pourreza and Rafiei, 2024), such approaches require carefully curated 

training data and substantial computational resources for local deployment. 

 In this study, we adopt an in-context learning approach to leverage the general 

knowledge of LLMs for off-the-shelf SQL query generation. To enhance performance, 

we implement a multi-step strategy that guides the LLM to focus on relevant parts of the 

database and refines the generated SQL queries when execution errors occur. 
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Chapter 3 Materials and Methods 

This chapter presents the design of the chatbot systems, the underlying data sources, the 

data retrieval strategies, and the evaluation methods used to assess system performance. 

Two independent chatbot systems were developed in this study to demonstrate the 

applicability of retrieval-augmented generation (RAG) approaches to both structured and 

unstructured data. Both systems share a common core architecture and web-based service 

implementation (Chapter 3.1). MSCare, a chatbot built on a collection of PubMed articles 

related to mesenchymal stem cells (MSCs), serves as a case study for interacting with 

unstructured textual data (Chapter 3.2). The TWHM chatbot, developed to supplement 

the Taiwan Han Medicine (TWHM) database, serves as a case study for interacting with 

structured data in a relational format (Chapter 3.3). 

 

3.1 Chatbot System Architecture 

3.1.1 Overview 

The chatbot system is designed to respond to user queries using the data retrieved from 

the underlying databases and to provide references to the data sources for transparency. 

It is deployed as a web-based service and comprises components for chat history 

management, language detection, data retrieval, and response generation. Figure 3.1 

illustrates the high-level workflow of both MSCare and the TWHM chatbot. 

When a user submits a query, the system first detects the input language and retrieves 

relevant chat history for context. This context is then presented to a large language model 

(LLM), which interprets the query and guides the execution of data retrieval. The TWHM 

chatbot uses a text-to-SQL approach to query structured data from a relational database, 

while MSCare applies a combination of text embedding and knowledge graph-based 
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methods to retrieve information from biomedical literature. In both systems, the LLM 

uses the retrieved data to construct a response grounded in the corresponding data source 

and includes links to original references to support further exploration. 

 

Figure 3.1: Overview of the chatbot system architecture. 

Users can engage in multi-turn conversations and ask questions in multiple languages. 

The system analyzes questions, applies appropriate strategies to query the relevant 

databases, and generates responses with references to the original sources. 
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3.1.2 Chat History Management 

Storing chat histories enables multi-turn conversations and supports system evaluation 

and feedback analysis. Each user message and chat response is stored as an individual 

record in a relational database, using MySQL 8.0.38. These messages are linked by a 

common session identifier to organize them into coherent dialogue sessions. When 

processing a new query, the system retrieves the most recent 16 messages from the current 

session to build context. 

3.1.3 Language Detection 

A language detector, Lingua (Stahl, 2025), is used instead of relying on the LLM’s 

capability for language detection. This is mainly for two reasons. 

 First, LLMs occasionally respond in the wrong language, likely due to their 

probabilistic nature. Lingua applies a combination of rule-based and naive Bayes methods 

to calculate a confidence score for each candidate. It supports 75 languages and handles 

both short and long texts (Stahl, 2025). 

 Second, using a separate language detector allows control over the response 

language. In the current system, if no language exceeds a confidence score threshold of 

0.3, the language defaults to English. If the language with the highest score is Chinese, 

the response is generated in Traditional Chinese. 

3.1.4 Data Retrieval and Response Generation 

Both MSCare and the TWHM chatbot rely on LLM-based operations to retrieve data and 

generate responses. Unless otherwise specified, the term LLM refers to OpenAI’s GPT-

4.1 (gpt-4.1-2025-04-14). For the LLM used in the chatbot systems, the maximum output 

token limit is set to 3000 and the temperature is set to 0. The retrieval strategies and the 

prompt instructions provided to the LLM are detailed in Chapter 3.2 and 3.3. 



doi:10.6342/NTU202501236

 22 

3.1.5 Implementation Details 

The chatbot system is implemented using LangChain (LangChain, 2025) as the backbone 

of the system pipeline. Langfuse (Langfuse, 2025) is integrated to log user requests and 

system execution flows, enabling tracking of errors, response latency, and LLM usage 

costs. The system is deployed as a web API service using FastAPI (Ramírez, 2025), 

allowing integration with frontend interfaces. 

 

3.2 MSCare Design and Evaluation 

This section details the design of MSCare, a chatbot system developed to answer 

biomedical questions related to mesenchymal stem cells (MSCs). MSCare integrates two 

strategies for encoding information from scientific literature: text embedding for semantic 

retrieval and a knowledge graph for relationship-based reasoning. Figure 3.2 provides an 

overview of MSCare, illustrating the construction of its knowledge base and the retrieval 

processes used to generate responses to user queries. 
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Figure 3.2: Overview of MSCare. 

MSCare retrieves information about mesenchymal stem cells (MSCs) by leveraging a text 

embedding model and a constructed knowledge graph. Responses are formatted as 

paragraphs with supporting evidence provided. 
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3.2.1 MSCare Data Sources 

The knowledge base of MSCare comprises 38,187 PubMed articles related to 

mesenchymal stem cells (MSCs) published between 2004 and 2024. Only the abstracts 

of these articles were extracted for processing. 

3.2.2 MSCare Text Embedding Construction and Retrieval 

Each abstract was split into chunks of approximately 1,200 characters, with an overlap of 

200 characters between chunks. Chunking was performed at the word-level, ensuring that 

both the first and last elements of each chunk are complete words. The resulting text 

chunks were embedded using OpenAI’s text-embedding-3-small model and stored in 

Chroma 0.6.3.  

MSCare leverages an LLM to determine what information to retrieve from the 

database. In the text embedding approach, the user query is first decomposed and 

rephrased into clearer sub-questions, with abbreviations expanded to reduce ambiguity 

(see Appendix B.1). Each sub-question is converted into an embedding vector using the 

same embedding model (text-embedding-3-small). Relevant text chunks are retrieved by 

computing the cosine similarity between the embeddings of the sub-questions and those 

of all stored chunks in the database. For each sub-question, the top 10 chunks with the 

highest similarity scores are selected and retained for subsequent response generation. 

3.2.3 MSCare Knowledge Graph Construction 

In addition to applying the text embedding approach to all abstracts, the 1,000 longest 

abstracts were selected for knowledge graph construction, based on the assumption that 

longer abstracts are more likely to contain richer information. Biological entities and their 

relationships were extracted from these abstracts using OpenAI’s o4-mini (o4-mini-2025-

04-16), with reasoning effort set to medium. The extracted entities and relationships from 
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all selected abstracts were then integrated into a single knowledge graph. 

Entity Extraction 

Biological entities belonging to the following seven categories were extracted from the 

selected abstracts: 1) Species and Subpopulation; 2) Chemical; 3) Gene and Protein; 4) 

Disease and Symptom; 5) Biological Structure—Cell Type, Cell Line, Organ, Cell 

Component; 6) Biological Structure Function; 7) Procedure—Therapy, Laboratory 

Procedure. Additional descriptions of these categories are provided in Appendix B.2. 

These categories were chosen by manually reviewing several abstracts from the selected 

set and by identifying and integrating relevant semantic types defined in the Unified 

Medical Language System (UMLS) (Bodenreider, 2004). 

Relationship Extraction 

Relationships between entities were extracted using a set of predicates adapted from  

Kilicoglu et al. (2011). Of the 30 original predicates, 26 were retained, including 

ADMINISTERED_TO, AFFECTS, ASSOCIATED_WITH, CAUSES, 

COEXISTS_WITH, CONVERTS_TO, COMPLICATES, DIAGNOSES, INHIBITS, 

INTERACTS_WITH, ISA, LOCATION_OF, MANIFESTATION_OF, OCCURS_IN, 

PART_OF, PRECEDES, PREDISPOSES, PREVENTS, PRODUCES, STIMULATES, 

TREATS, USES, COMPARED_WITH, HIGHER_THAN, LOWER_THAN, and 

SAME_AS. Four predicates—PROCESS_OF, METHOD_OF, DISRUPTS, 

AUGMENTS—were excluded due to semantic overlap. While each has a nuanced 

definition, their distinctions were not critical and could confuse the LLM. Three new 

predicates—NEGATIVE_CORRELATES, POSITIVE_CORRELATES, and 

NO_EFFECT—were added to represent statistically observed relationships without 

implied causality or when no significant relationship was observed. In total, 29 predicates 
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were used. 

Extraction Procedure 

The LLM was instructed to identify all relevant biological entities and relationships 

within each abstract using a single manually annotated abstract as guidance. The full 

prompt is detailed in Appendix B.2. In summary, the extraction was a chain-of-thought 

(Wei et al., 2022) process consisting of the following three steps: 

Step 1: The LLM was tasked with extracting informative biological entity names, 

along with any synonyms or abbreviations mentioned within the same abstract. To assist 

in identifying entities, annotations from PubTator3 (Wei et al., 2024)—a specialized tool 

for recognizing species, chemical, gene, and disease entities—were provided as reference. 

The LLM was instructed to review these annotations carefully, as PubTator3 may not 

always be accurate. For entities outside the scope of PubTator3, specifically those in the 

Biological Structure, Biological Structure Function, and Procedure categories, the LLM 

relied on its own knowledge to identify and extract relevant terms.  

Step 2: The LLM then extracted relationships between the identified entities, along 

with the exact supporting text from the abstract. 

Step 3: Each entity involved in the extracted relationships was reviewed by the LLM 

and, if PubTator3 annotations were available, mapped to standardized identifiers provided 

by the annotations. These included NCBI Taxonomy IDs for species, MeSH (Medical 

Subject Headings) IDs for chemicals and diseases, and NCBI Gene IDs for genes. During 

this step, the LLM was also instructed to verify whether each entity had been assigned 

the correct category type in Step 1. If a category was found to be incorrect, it was updated 

accordingly. 

Post-processing 
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Extracted relationships were discarded if either of the two entities was not found in Step 

1 or Step 3, which together serve as complementary mechanisms for recovering 

potentially missing entities. Extracted entity names were normalized by converting to 

lowercase, transforming Greek characters to Latin, and replacing special characters (e.g., 

$, ~, #), as well as Unicode variants of hyphens and quotes with spaces. These normalized 

names were then mapped to UMLS concepts using the UMLS entity linker provided in 

SciSpacy (Neumann et al., 2019). 

Knowledge Graph Storage 

The processed entities and relationships were stored as nodes and edges in Neo4j 5.27.0. 

The structure of the knowledge graph can be represented as: 

 (1) 

where ℰ denotes the set of entities and ℛ denotes the set of relationship types. Each 

tuple 〈𝑒𝑒, 𝑟𝑟, 𝑒𝑒′〉 represents a directional edge from source entity 𝑒𝑒 to target entity 𝑒𝑒′ via 

relationship 𝑟𝑟. 

The set ℰ includes the seven predefined biological entity categories as well as an 

additional Synonym category to store alternate names and abbreviations. The set ℛ 

includes the 29 defined relationship types and a HAS_SYNONYM relationship to 

connect synonym nodes to canonical entities. The inclusion of synonym nodes enables 

more efficient retrieval. A detailed discussion of this design choice and example is 

provided in Appendix A.1. 

3.2.4 MSCare Knowledge Graph Retrieval 

Effective retrieval strategies are essential to answer user questions using information 

stored in the knowledge graph. In MSCare, this retrieval is assisted by an LLM, which 

selects and invokes one of the two retrieval functions according to the instructions 

described in Appendix B.1. In both cases, the LLM first identifies biological entities 
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mentioned in the user query, and uses them as input to the selected function. 

The first function, RetrieveRelatedEntities (Algorithm 1), retrieves relationship 

tuples involving a given entity as follows: 

 (2) 

where 𝒩𝒩𝑒𝑒 represents the set of all one-hop relationships in which the entity 𝑒𝑒 appears 

either as the source or the target entity. This bidirectional retrieval ensures that both 

incoming and outgoing relationships involving 𝑒𝑒 are included. 

The function accepts a keyword and optional category filters for the keyword or 

target entities. Entity matching is performed using a three-tiered ranking strategy. The 

keyword is first normalized, as described in the post-processing step of knowledge graph 

construction, and then matched in the following order: 

 Tier 1: Matches the normalized name of an entity node 

 Tier 2: Matches a synonym of an entity node 

 Tier 3: Matches the UMLS concept identifier of an entity node or its synonyms 

If more than 30 relationship tuples are retrieved, only the top 30 are returned. When 

multiple results fall within the same tier, a random selection is made among them. 
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The second function, RetrievePathsBetweenEntities (Algorithm 2), retrieves the top 

𝑙𝑙 shortest paths between two specified entities. Each path 𝑝𝑝 is represented as: 

 (3) 

where 𝑑𝑑𝑖𝑖  ∈  {+,−} denotes the direction of the relationship 𝑟𝑟𝑖𝑖 between entity 𝑒𝑒𝑖𝑖 and 

𝑒𝑒𝑖𝑖+1 . If 𝑑𝑑𝑖𝑖  = + , then  〈𝑒𝑒𝑖𝑖+1, 𝑟𝑟𝑖𝑖, 𝑒𝑒𝑖𝑖〉  ∈  𝒢𝒢 ; if 𝑑𝑑𝑖𝑖  = − , then  〈𝑒𝑒𝑖𝑖+1, 𝑟𝑟𝑖𝑖, 𝑒𝑒𝑖𝑖〉  ∈  𝒢𝒢 . Entities 

𝑒𝑒0 and 𝑒𝑒𝑛𝑛 denote the source and target entities for which connecting paths are retrieved.  

 Candidate paths are ranked using a tier-based strategy similar to that of the first 

function. The final results are sorted first by tier, then by ascending path length within 

each tier. Since the function takes two input keywords, the combination of their match 

types results in six possible ranking tiers. To reduce computation time, the search is 

limited to paths of length no greater than 4. If more than 10 paths are retrieved, only the 

top 10 are returned. 

 

  



doi:10.6342/NTU202501236

 30 

3.2.5 MSCare Response Generation 

The retrieved text chunks, relationship tuples, and shortest paths between entities are 

supplied to an LLM as input for response generation. The LLM is tasked with 

summarizing the most relevant information and presenting it to users. 

The LLM is instructed to follow a set of guidelines to ensure response reliability and 

factual correctness. It must avoid hallucination or speculation, cite the source PubMed 

identifiers (PMIDs) for all presented information, and decline to answer questions 

irrelevant to the database content. If the retrieved texts or relationships present different 

perspectives or conflicting information, the LLM is instructed to report them as separate 

viewpoints. When multiple sources support a similar claim, articles with more recent 

PMIDs are prioritized in the response. The full prompt is provided in Appendix B.3. 

3.2.6 MSCare Evaluation 

Evaluating the quality of generated responses and the effectiveness of the retrieval 

strategies is essential for ensuring that MSCare delivers satisfactory and informative 

answers. A diverse set of MSC-related questions was generated using an LLM to simulate 

realistic user queries. These questions were used to evaluate the system’s retrieval 

performance, the quality of the responses, and the individual contributions of the text 

embedding and knowledge graph components through ablation studies. 

Evaluation Question Generation 

A set of personas was generated by an LLM using a strategy inspired by Salminen et al. 

(2024) to simulate users with various backgrounds. The LLM was provided with a general 

description of the MSC dataset and a sample abstract about the biology of mesenchymal 

stem cells, and was instructed to generate realistic and diverse user personas (see 

Appendix B.4). Each persona includes a name, age, occupation, background, and a 
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description of how the individual might use the database. The following is an example of 

a generated persona: 

 Name: Dr. Sarah Bennett 

 Age: 45 

 Occupation: Orthopedic Surgeon 

 Background: MD with a specialization in regenerative medicine 

 Details: Dr. Bennett frequently accesses the database to stay updated on the latest 

advancements in mesenchymal stem cell treatments for orthopedic conditions. 

She integrates this knowledge into her surgical practice and participates in 

clinical trials. 

Each persona was then used to generate four types of questions—Yes/No, Factoid, 

List, and Summary—based on the definitions provided in the BioASQ-QA dataset 

(Krithara et al., 2023) (see Appendix B.5). The following are examples from Dr. Sarah 

Bennett, the persona above: 

 Yes/No: Are mesenchymal stem cells effective in treating osteoarthritis of the 

knee? 

 Factoid: Which signaling molecule is primarily involved in MSC-mediated 

cartilage repair? 

 List: Which orthopedic conditions have been treated with MSC-based therapies? 

 Summary: How are MSCs being used in orthopedic surgery to improve recovery 

outcomes? 

In total, 5 personas were created, each contributing 5 questions per type, resulting in 

100 evaluation questions. 
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I.  Text Chunk Retrieval Evaluation 

Each evaluation question was embedded using the same model (text-embedding-3-small) 

that was used to process the MSC abstracts. The top 50 text chunks with the highest cosine 

similarity to the question were retrieved for relevance assessment. An LLM was used to 

evaluate each chunk and determine whether it was helpful in answering the question, with 

a binary judgment of “Yes” or “No” (see Appendix B.6). For comparison, the BM25 

ranking function (Robertson and Zaragoza, 2009) was also applied using default 

Elasticsearch parameters (𝑘𝑘1 = 1.2 and 𝑏𝑏 = 0.75). Mann-Whitney U tests were used to 

assess whether the quality of retrieval differed significantly between the text embedding 

and BM25 strategies when applied to the MSC abstracts. Precision@k is calculated for 

each retrieval setting, as defined below: 

𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟@𝑘𝑘 = # relevant text chunks  in top 𝑘𝑘
𝑘𝑘

    

 

II.  Knowledge Graph Retrieval Evaluation 

i.  Keyword Extraction and Function Invocation Assessment 

Since the knowledge graph retrieval functions (Algorithm 1 and 2) require biological 

keywords extracted from questions by an LLM, it is essential to evaluate whether the 

LLM can accurately identify keywords and invoke the appropriate retrieval function.  

 To perform this evaluation, 100 questions were generated by an LLM based on 

existing relationships in the knowledge graph (see Appendix B.7). Ten abstracts were 

randomly sampled from the subset of abstracts used in the knowledge graph construction 

that contained more than 20 extracted relationships. For each abstract, the LLM was 

provided with all extracted relationships and was instructed to generate 10 questions of 

an appropriate type (Yes/No, Factoid, List, or Summary), selected based on the content 

of the relationships. 
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Each generated question was input into MSCare, and the response was examined to 

determine whether the original article’s PMID used to generate the question was cited. 

Recall was calculated as:  

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = # responses containing the source PMID
# total questions

    

Responses that did not cite the expected PMID were manually reviewed to identify the 

cause of the error. 

ii.  Path Reasoning Assessment 

To assess whether knowledge graph paths can be used to infer meaningful biological 

relationships, the possibility of constructing a coherent connection between two entities 

from a sampled path was evaluated. For each path length from 2 to 6, 10,000 node pairs 

were sampled from the graph, with node sampling weighted by node degree to reflect that 

highly connected entities are more likely to be queried. In addition, all node pairs with 

known direct relationships (i.e., an edge directly connects them) were examined to assess 

whether they also shared meaningful indirect connections. A chi-square test was used to 

assess whether the presence of direct relationships was associated with a higher likelihood 

of meaningful indirect paths. 

For each path length from 2 to 5 and each sampling strategy, 500 paths were 

randomly selected and evaluated by an LLM to determine whether each path could be 

synthesized into a biologically plausible relationship. This simulates MSCare’s behavior, 

where retrieved paths are passed to the LLM for response generation. The evaluation 

prompt and examples of valid and invalid path relationships are provided in Appendix 

B.8. 

III.  Ablation Study of MSCare and Comparison with Baseline LLM 

To assess whether MSCare’s responses are helpful and effectively address user questions, 
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the 100 evaluation questions from the text chunk retrieval evaluation were used again. 

After each response, follow-up questions were generated to simulate user interaction by 

providing an LLM with the full chat history and the corresponding persona (see Appendix 

B.9). Three rounds of follow-up were conducted. 

For comparison, the same initial and follow-up questions were given to GPT-4.1, 

which serves as the baseline LLM and is also the same LLM used by MSCare. It was 

primed with a system prompt instructing it to generate responses with accuracy, 

professionalism, and a focus on up-to-date, well-sourced information. This prompt was 

rephrased and formatted using a meta-prompt described in OpenAI’s prompt engineering 

best practices (OpenAI, 2025) to potentially improve response quality (see Appendix 

B.10). Responses from MSCare and GPT-4.1 were evaluated through head-to-head 

comparisons conducted by an LLM (see Appendix B.11). Four evaluation criteria, as 

defined by Edge et al. (2024), were used: 

 Comprehensiveness: Does the response sufficiently cover relevant details? 

 Diversity: Does the response incorporate varied perspectives? 

 Empowerment: Does the response help users understand the topic and make 

informed decisions? 

 Directness: Does the response answer the question specifically, clearly, and 

concisely? 

Directness serves as a control criterion that favors brevity and clarity, often in 

contrast to Comprehensiveness and Diversity. As a result, when both answers are valid 

and informative, Directness is expected to favor the more concise response, meaning that 

no single answer is likely to outperform the other across all four criteria. The order of the 

responses was randomized before being presented to the evaluation LLM to minimize 

positional bias. 
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 To assess the contribution of the text embedding and knowledge graph components 

to response generation, three ablated versions of MSCare were tested: 1) embedding only, 

2) embedding only (limited to 1,000 abstracts), and 3) graph only. These versions were 

evaluated using the same set of initial and follow-up questions and were also compared 

against the baseline LLM.  

To further evaluate whether the responses effectively addressed the user queries, 

each MSCare response was evaluated by an LLM using a single criterion: “Mostly 

Answered.” A response was considered “Mostly Answered” if it addressed the main 

points of the question, even if some minor details were missing. The LLM returned either 

“Yes” or “No” for each response (see Appendix B.12). 
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3.3 TWHM Chatbot Design and Evaluation 

This section describes the curation process of the Taiwan Han Medicine (TWHM) 

database and the design of its associated chatbot system. The system was developed to 

generate SQL queries by analyzing user questions, execute them to retrieve relevant 

records from the database, and present and summarize the results to users. Figure 3.3 

provides an overview of the TWHM chatbot, illustrating the data source and retrieval 

processes involved in answering user queries. 
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Figure 3.3: Overview of the TWHM chatbot. 

The TWHM chatbot retrieves information from the TWHM database by generating and 

executing corresponding SQL queries based on user questions. The response is presented 

in tabular form with brief descriptions. 
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3.3.1 TWHM Data Source 

The Taiwan Han Medicine (TWHM) database is a comprehensive herb database 

constructed by aggregating evidence-based ingredients from publicly available 

publications. The database is enriched with gene targets that the ingredients may interact 

with, and the diseases associated with those genes. By integrating these components, the 

database supports a more comprehensive view that facilitate exploration of potential 

mechanisms behind herbal treatment effects. 

TWHM primarily consists of four components: herbs, ingredients, gene targets, and 

diseases. These components and their relationships were integrated from publicly 

available databases, followed by data cleansing and standardization. 

Herbs and their corresponding ingredients were mainly sourced from TM-MC 2.0 

(Kim et al., 2024), which provides ingredient information supported by publications. 

Other herb databases contain information on prescriptions and herb properties, but much 

of their content is based on pharmacopoeias, which are not publicly available. To ensure 

transparency and align with the goal of building a publication-based database, they were 

not included. Ingredient names were extracted from articles reporting the presence of 

specific herbal ingredients. These names were standardized using the PubChem service 

(Kim et al., 2024). Additional details such as IUPAC names, synonyms, molecular 

weights, and other properties were also gathered from PubChem. 

Proteins related to ingredients were sourced from STITCH v5.0 (Szklarczyk et al., 

2016), which consolidates evidence from multiple databases, experimental data and text-

mining techniques. The ingredients collected from TM-MC were matched to STITCH 

using PubChem Compound Identifiers (CIDs). Because not all genes encode proteins, 

and to allow for potential future integration of non-coding gene interactions, proteins were 

mapped to their corresponding genes using gene symbols provided by STITCH. Gene 
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information, including symbols, synonyms, and references to other sources, was obtained 

from HGNC (Seal et al., 2023). 

Gene-disease interactions and disease information were sourced from DisGeNet 

v7.0 (Piñero et al., 2020). The interaction types include biomarkers, genetic variations, 

mutations, and others. To support enrichment analysis of selected gene sets, gene-

pathway information was retrieved from the KEGG Pathway database (Kanehisa et al., 

2024). 

3.3.2 TWHM Data Storage 

The tabular nature of the data and the clearly defined relationships between components 

make a relational database (RDB) an appropriate choice for storing TWHM data. The 

schema was normalized to the third normal form (Codd, 1972) to prevent most anomalies 

during data updates and retrieval. The database was implemented using MySQL 8.0.38 

and its structure is illustrated in the entity-relationship diagram (ERD) shown in Figure 

3.4. Columns frequently used in searches, such as “Name,” were indexed to improve 

query performance. In addition, several database views were created to simplify access. 
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Figure 3.4: Entity-relationship diagram (ERD) for the major tables in the TWHM 

database. 

Relationships between tables are annotated using Crow’s Foot notation. 

Note: For visual consistency, column names are capitalized rather than following conventional snake 

case naming. Although the “UniProt IDs” column in the “target” table is stored as a concatenated 

string, which violates the first normal form, separating it into a standalone table was considered 

unnecessary. 
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3.3.3 TWHM Data Retrieval 

The TWHM chatbot adopts a text-to-SQL approach, guiding the LLM to generate 

accurate SQL queries by interpreting user questions, decomposing them into sub-

questions, and constructing corresponding queries based on the database schema. The 

generation process can be described as: 

 (4) 

where 𝑌𝑌𝑖𝑖  is the i-th generated token, 𝑋𝑋 represents the input context and instructions, and 

ℙ𝑀𝑀(𝑌𝑌𝑖𝑖 | ∙) is the probability of generating 𝑌𝑌𝑖𝑖 using LLM 𝑀𝑀, conditioned on prior tokens 

and context. 

 The input 𝑋𝑋 is structured to guide LLM 𝑀𝑀 in producing valid and contextually 

appropriate SQL queries as part of the output sequence 𝑌𝑌. The text-to-SQL design in this 

study is inspired by the MAC-SQL multi-agent framework (Wang et al., 2023), which 

includes three components: Selector, Decomposer, and Refiner. Each component is 

handled by the same LLM, guided by a dedicated system prompt tailored to its specific 

role. The roles of these three modules are as follows:  

Selector 

The Selector identifies relevant database tables and columns based on the user question, 

the database schema, and provided instructions (see Appendix D.1). This reduces the 

likelihood of including irrelevant fields in the generated SQL queries and helps improve 

query accuracy. As shown in prior work, incorporating this module enhances execution 

success rates (Wang et al., 2023).  

Decomposer 

The Decomposer breaks down user questions into a sequence of sub-questions and 

generates corresponding SQL queries for each one (see Appendix D.2). It is guided by 

strict constraints to ensure the generated queries are reliable and do not place unnecessary 



doi:10.6342/NTU202501236

 42 

load on the database. These constraints include avoiding redundant table joins, limiting 

broad “LIKE” clauses, and selecting only relevant columns. The Decomposer is also 

instructed to always filter for high-confidence relationships by default when joining tables, 

and to order results accordingly. Any attempt to use data manipulation language (DML) 

in SQL queries is explicitly prohibited. As a safeguard, the database user configured for 

query execution is granted only “SELECT” privileges. 

Refiner 

The Refiner handles execution errors by attempting to correct faulty SQL queries based 

on error messages (see Appendix D.3). If the error is recoverable, the query is revised and 

retried. Queries that result in unrecoverable errors or exceed the maximum number of 

retries are discarded.  

3.3.4 TWHM Chatbot Response Generation 

TWHM data are retrieved by executing the SQL queries generated by the Decomposer. 

The results are presented either as tables or as summarized paragraphs (see Appendix 

D.4). An LLM reviews the decomposed sub-questions, the corresponding queries, and a 

small number of retrieved records, and then determines which query results to present 

based on the original user question. Each table is introduced with a brief description that 

explains its content and any criteria applied when joining multiple tables or ordering 

results. The LLM is instructed to include ID columns for all mentioned components. 

These IDs are linked to their respective entries in the TWHM web interface. Only the first 

10 records of each result table are shown to avoid overwhelming users. A link is provided 

at the end of the response for users who wish to view the full retrieved records. 

3.3.5 TWHM Chatbot Evaluation 

A diverse set of questions was generated using LLMs to evaluate response quality and the 
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effectiveness of individual modules in the TWHM chatbot’s data retrieval process. 

Evaluation Question Generation 

Two LLMs—Gemini 2.5 Flash (gemini-2.5-flash-preview-05-20) and o4-mini (o4-mini-

2025-04-16)—were used to generate 100 questions each, consisting of 50 simple and 50 

advanced questions. Simple questions involved single-table queries or queries requiring 

only one join, while advanced ones required joining multiple tables. The LLMs were 

provided with the TWHM database schema and example values for each column, and 

were instructed to produce a diverse range of questions involving match-based, ranking, 

comparison, counting, aggregation, and numeric operations, following the types 

described in the BIRD benchmark (Li et al., 2023) (see Appendix D.5). Each question 

was paired with a reference SQL query generated by the same LLM to ensure it was likely 

answerable using the TWHM database. The LLMs were then prompted to self-reflect on 

their generated question-query pairs once to verify their diversity and validity. The refined 

question-query pairs were used as the evaluation set. 

TWHM Chatbot Design Evaluation 

The full set of generated questions was processed end-to-end by the TWHM chatbot 

across four configurations. These configurations varied along two dimensions: 1) the 

presence or absence of the Selector, and 2) the use of either GPT-4.1 (gpt-4.1-2025-04-

14) or GPT-4o-mini (gpt-4o-mini-2024-07-18) as the underlying LLM. These dimensions 

were chosen to assess whether the Selector improves query quality in a relatively small 

schema (fewer than 20 tables), and whether a more powerful LLM is necessary for 

effective query generation. Three independent runs were conducted. Given the 

observation that generated queries varied considerably even with temperature set to 0, 

repeated runs were used to ensure a more accurate evaluation of system performance. 

The evaluation focused on the following two aspects: 



doi:10.6342/NTU202501236

 44 

1. Number of decomposed queries 

This metric captures whether unnecessary decomposition occurs. Since each 

evaluation question is paired with a reference query, most questions should ideally be 

answered with a single SQL query. 

2. Refiner invocation frequency 

This measures how often the Refiner is needed to fix execution errors in the generated 

queries. It helps evaluate both the initial validity of generated queries and the necessity 

of incorporating the Refiner into the system. 

Fisher’s exact tests with Monte Carlo sampling and independent t-tests were used to 

assess significant differences in decomposition and refinement rates, respectively, across 

configurations. 

Response Quality Evaluation 

The SQL queries generated in response to the evaluation questions under each 

configuration were extracted for LLM-based quality evaluation. The evaluation focused 

on three criteria: validity, ideality, and success. 

These criteria are defined as follows: 

 Validity: A response is considered valid if any single generated query can solely 

and correctly address the question and execute without any MySQL syntax errors. 

This evaluates the structure and logic of the SQL query, rather than the actual 

execution outcome. 

 Ideality: A query is ideal if it is valid, adheres to the decomposition constraints, 

avoids unnecessary joins or columns, and does not produce duplicate results. 

 Success: A response is considered successful if the query most relevant to the 

original question executes without any errors, including syntax, semantic and 

runtime errors. 
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The evaluation prompt included the database schema, decomposition constraints (see 

Decomposer, Appendix D.2), and 10 manually annotated examples representing a range 

of cases, especially those that may be ambiguous or difficult to assess (see Appendix D.6). 

Two LLMs, Gemini-2.5-Flash and o4-mini, were used independently to evaluate the 

generated queries. Three evaluation runs were conducted for each set of queries. 

Independent t-tests were used to assess whether evaluation outcomes differed 

significantly across configurations. 
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Chapter 4 MSCare Results 

4.1 Text Embedding-Based Retrieval 

4.1.1 Text Chunk Statistics 

The text embedding database consists of 70,445 text chunks derived from 38,187 

abstracts. The word count per chunk peaks around 160 words, with the 25th and 75 

percentiles at 90 and 169 words. The token count per chunk peaks around 250 tokens, 

with the 25th and 75th percentiles at 132 and 257 tokens (Figure 4.1). 

To better understand the presence of extreme values, text chunks at both ends of the 

distribution were examined. Chunks with high word or token counts were typically 

enriched in numerical content, such as statistical results or measurement values. 

Extremely short chunks often originated from incomplete abstracts on PubMed, with 

some consisting of only a single sentence or a note indicating that no abstract was 

available. Among these, chunks from the end of abstracts were also common in the low-

count range. 

 

Figure 4.1: Distribution of word and token count per text chunk. 



doi:10.6342/NTU202501236

 47 

4.1.2 Text Embedding Retrieval Evaluation 

To evaluate retrieval effectiveness, 100 questions were used, comprising 25 from each of 

the four question types and generated across five diverse personas. The personas and full 

question set are provided in Appendix C.1 and C.2. 

 Figure 4.2 illustrates that not all retrieved text chunks were relevant to their 

corresponding questions. Relevant chunks, however, could still appear at lower ranks. On 

average, the proportion of relevant chunks in the top 10 results (Precision@10) was 

45.6% for Yes/No, 23.2% for Factoid, 41.2% for List, and 56.0% for Summary questions. 

For the top 50 results (Precision@50), the proportion was 35.8% for Yes/No, 20.6% for 

Factoid, 39.4% for List, and 50.4% for Summary questions. In the embedding-based 

approach, the top half of the retrieved chunks (ranks 1-25) were significantly more 

relevant than the bottom half (ranks 26-50) in Yes/No (p = .002) and Summary (p < .001) 

questions, but this difference was not significant for Factoid (p = .113) or List (p = .376) 

questions. Compared to BM25, the embedding method retrieved significantly more 

relevant chunks for Factoid (p < .001), List (p < .001), and Summary (p < .001) questions, 

while no statistically significant difference was observed for Yes/No (p = .090) questions. 

 In MSCare, only the top 10 retrieved chunks are used for response generation. Under 

this setting, at least three relevant chunks were retrieved for 64% of Yes/No, 48% of 

Factoid, 60% of List, and 76% of summary questions. 
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Figure 4.2: Comparison of text chunk retrieval performance between the text embedding 

approach and BM25. 

Each subplot shows the fraction of relevant chunks at rank r across 25 questions per type. 

Dashed lines represent raw values, while solid lines show smoothed values using a 

window size of 7. 

 

 Non-relevant text chunks were manually reviewed and categorized into three main 

types: 1) Absence of direct evidence, where the content contains speculative or 

hypothesis-based statements without supporting idea; 2) Overly general information, 

where the chunk includes broad descriptions or background context without addressing 

the specific detail requested by the question; and 3) Context mismatch, where relevant 

terms are present but the focus of the chunk does not align with the intent of the question. 

A representative example of each case, along with the corresponding rationale from the 

LLM’s judgment, is shown in Figure 4.3.  
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Figure 4.3: Examples of retrieved text chunks not directly relevant to the questions. 
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4.2 MSC Knowledge Graph 

4.2.1 Graph Statistics 

Biological relationships were extracted from the 1,000 longest PubMed abstracts. In total, 

15,655 relationships were extracted by the LLM. After filtering out relationships where 

either the source or target entity was not properly recognized during the extraction process, 

15,467 (98.80%) were retained. The median number of relationships per abstract after 

filtering was 14, with a minimum of 1 and a maximum of 50 (Figure 4.4). Manual 

inspection of the two abstracts that yielded only one relationship (PMID: 27870924, 

31549743) revealed no clear indication that additional relationships were overlooked by 

the LLM.  

 To evaluate whether false positives exist in the extracted relationships, 100 abstracts 

were randomly sampled. This subset contained 1,459 relationships, which were then re-

evaluated by the LLM. Of these, 1,290 (88.4%) were judged to be authentic, suggesting 

that a small number of mislabeled or misidentified relationships exist in the constructed 

graph. 

Among all relationship types, the types STIMULATES, INHIBITS, USES, and 

PRODUCES each appeared more than 1,000 times. Together, these four types accounted 

for over 50% of all extracted relationships (Figure 4.5). 
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Figure 4.4: Distribution of the number of relationships extracted per abstract before and 

after validity filtering. 

 

 

Figure 4.5: Distribution of relationship types extracted from the abstracts. 
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4.2.2 Graph Entity Connectivity and Topology 

The MSC knowledge graph contains 10,227 entity nodes. Figure 4.6 shows the 101 nodes 

with a degree of 20 or higher. These highly connected hubs include various MSC types 

from different sources, such as adipose tissue, bone marrow, and umbilical cord. Their 

key biological functions, including osteogenesis, angiogenesis, and inflammation 

modulation are also included. Common biomarkers such as CD90, CD105, and CD34 

also appear as central nodes. Furthermore, emerging research areas such as the MSC 

secretome are reflected through entities such as extracellular vesicle and exosome. 

 

Figure 4.6: High-degree nodes in the MSC knowledge graph. 

Entity nodes with degree ≥ 20 are shown (101 nodes in total). Word size is proportional 

to node degree. 
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The degree distribution of the MSC knowledge graph was analyzed and fitted to a 

power-law function 𝑃𝑃(𝑘𝑘)  ∝  𝑘𝑘−𝛾𝛾 , where 𝑘𝑘  denotes node degree and 𝑃𝑃(𝑘𝑘)  is the 

fraction of nodes with degree 𝑘𝑘. The resulting fit yielded 𝛾𝛾 = 1.79 (Figure 4.7). This 

successful fitting indicates that the MSC knowledge graph can be considered a scale-free 

network. However, the 𝛾𝛾 value is lower than the typical range for classical scale-free 

networks (2 < 𝛾𝛾  < 3), suggesting the presence of more highly connected nodes than 

expected. The most connected node is “mesenchymal stem cell” with a degree of 410, 

followed by “mesenchymal stromal cell” with a degree of 162. This is consistent with the 

literature’s focus on MSCs. 

 

 

Figure 4.7: Degree distribution of the MSC knowledge graph. 

The power law fitting was performed using the Python powerlaw package (Alstott et al., 

2014). 

 



doi:10.6342/NTU202501236

 54 

4.2.3 Knowledge Graph Retrieval Evaluation 

To evaluate whether the knowledge encoded in the graph could be effectively retrieved, 

a set of 100 questions was synthesized. The full set of questions is provided in Appendix 

C.3. 

The number of questions per type was not evenly distributed (Table 4.1), which may 

reflect how certain types of relationships are more suited to specific question formats. In 

particular, the higher number of List questions suggests that many relationships in the 

graph follow a one-to-many pattern, rather than the one-to-one mappings typical of 

Factoid questions (see Appendix C.3). Overall, the results show that more than two-thirds 

(66.7%) of the synthesized questions successfully triggered retrieval from the knowledge 

graph and returned responses citing the original source. 

 

Table 4.1: Recall of knowledge graph retrieval across question types. 

 Yes/No Factoid List Summary 

Recall 28/37 (75.7%) 7/8 (87.5%) 22/33 (66.7%) 16/22 (72.7%) 

 

Manual analysis of the 27 failure cases revealed three broad categories of issues: 

LLM-related, graph-related, and non-errors (Table 4.2). 

LLM-related errors involve failures in making correct function calls to the retrieval 

methods (Algorithm 1 or 2). These include cases where no retrieval function was invoked 

or where incorrect entity categories or keywords were supplied, leading to failures in 

matching relevant entities in the graph. 

Graph-related issues primarily stemmed from inconsistencies in entity naming, 

limitations in the graph structure, and constraints imposed by the retrieval settings. In 

some cases, entities from the original abstracts were not properly extracted. For example, 
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the entity “retinoic acid receptor beta expression” was mistakenly stored instead of 

“retinoic acid receptor beta.” Since gene expression was explicitly excluded from the 

Biological Structure Function category in the system prompt, the LLM should have 

extracted the correct term as a Gene and Protein entity. 

Another limitation concerns how the graph handles complex relationships involving 

more than two entities. Some sentences encode ternary relationships that cannot be 

effectively represented or retrieved using the current retrieval functions. For instance, the 

question “Are the levels of leucine-rich repeat-containing G-protein coupled receptor 5 

higher in endometrial mesenchymal stem-like cells compared to unfractionated stromal 

cells?” involves a comparison between two cell types and a protein. The relationship is 

encoded in the graph as (endometrial mesenchymal stem-like cell)‒[HIGHER_THAN]→

(unfractionated stromal cell), based on the following evidence: 

“Moreover, the mRNA level and protein immunoreactivities of leucine-rich repeat-

containing G-protein coupled receptor 5 were higher in eMSCs than unfractionated 

stromal cells (Xu et al., 2020).” 

The correct function call should use the two cell types as input keywords. However, the 

presence of the third entity (the protein) introduces ambiguity that interfere with proper 

retrieval. 

 Retrieval constraints also contributed to missed results. RetrieveRelatedEntities 

(Algorithm 1) limits output to 30 relationships, and RetrievePathsBetweenEntities 

(Algorithm 2) limits output to 10 paths. These limits can truncate relevant content, 

especially for high-degree nodes. For example, the question “What effects do 

mesenchymal stem cells have on inflammation?” involves two highly connected nodes, 

“mesenchymal stem cell” and “inflammation,” which increases the chance that relevant 

relationships are excluded due to these limits. 
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 In the remaining cases, the errors were not due to flaws in retrieval or graph structure. 

Some questions were ill-formed because they were synthesized not from relationships in 

the graph, but from the original text content. In one case, the question “Does mesenchymal 

stem cell transplantation have any effect on serum IL-6 levels?” was based on a 

relationship of type “NO_EFFECT.” Although the relationship was successfully retrieved, 

it was omitted from the response, as MSCare is instructed to present only the most 

relevant findings. 

 
Table 4.2: Knowledge graph retrieval error case analysis 

Category Issue Type Count 

LLM-related 

Function call failure 5 

Entity category detection failure 4 

Keyword extraction failure 3 

Graph-related 

Incorrect entity name in graph 4 

Graph design limitation 3 

Retrieval limit reached 3 

No errors 
Ill-formed question 4 

Correct answer, but not presented 1 

Total  27 

 

4.2.4 Reasoning with Paths in the Knowledge Graph 

To assess MSCare’s ability to reason over indirect relationships (i.e., path length > 1), the 

shortest path lengths between entity pairs in the knowledge graph and whether the paths 

are biologically meaningful were evaluated. Figure 4.8 shows the cumulative distribution 

of path lengths between node pairs (see Table A.1 for the exact values). When entity pairs 

were sampled uniformly, only 46.4% had a connecting path within six hops. This 

proportion increased to 71.7% when sampling was weighted by node degree. Among node 
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pairs with known direct relationships, 55.2% also had at least one alternate path within 

six hops. 

MSCare limits path retrieval to a maximum length of 4. Under this constraint, 12.1% 

of uniformly sampled pairs and 39.2% of degree-weighted sampled pairs had at least one 

retrievable path. For entity pairs with direct relationships, 49.6% had at least one 

alternative path of four hops or fewer. 

 

 

Figure 4.8: Cumulative distribution of shortest path lengths between entity pairs. 

In the relationship-based group (green line), direct (1-hop) paths were excluded to assess 

the presence of alternative paths. Shaded regions represent 95% confidence intervals for 

the uniform and node-degree-weighted sampling estimates. The dashed red line indicates 

the maximum path length (𝑑𝑑 = 4) used in Algorithm 2. 
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To evaluate whether the retrieved paths can be synthesized into coherent biological 

inferences by MSCare, the same LLM underlying MSCare was prompted to assess 500 

paths of each length from 2 to 5, drawn from two sources: 1) node pairs sampled by node 

degree and 2) node pairs with direct relationships. The results, summarized in Table 4.3, 

show that the likelihood of a path being judged as reasonable varies significantly by path 

length (p = .008 for node degree; p = .014 for direct relationship). Longer paths were 

more likely to yield reasonable inferences. However, the overall proportion of reasonable 

paths did not differ significantly between the two sources (p = .650), with both yielding 

success rates of approximately 40%. 

Table 4.3: Number and percentage of paths judged as biologically reasonable 

Path Length Node Degree Sampling Relationship Sampling 

2 173 (34.6%) 188 (37.6%) 

3 193 (38.6%) 175 (35.0%) 

4 187 (37.4%) 222 (44.4%) 

5 224 (44.8%) 206 (41.2%) 

Total 777 (38.9%) 791 (39.6%) 

4.3 MSCare Response Quality Evaluation 

To evaluate the quality of responses generated by MSCare and assess the contributions of 

the text embedding and knowledge graph-based retrieval, MSCare’s outputs were 

compared against those of a baseline LLM prompted to provide professional and accurate 

responses. The initial 100 evaluation questions (Appendix C.2), followed by up to three 

rounds of follow-up questions, yielded a total of 394 questions (Appendix C.4). Two 
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questions did not generate follow-ups due to the lack of retrievable information. These 

were: 1) “What is the market size of MSC-based regenerative products in 2024?” and 2) 

“Which biotech startups are working on MSC-derived therapeutics?” 

 Among all system variants, the full version of MSCare achieved the best 

performance in comprehensiveness, diversity, and empowerment (Figure 4.9; see Table 

A.2 for exact values). The baseline LLM outperformed all MSCare variants in directness, 

indicating that it tends to produce more concise responses but lacks the depth and 

perspective provided by MSCare. This also suggests that the baseline LLM is generally 

capable of responding to most questions, while its answers may not be as informative. 

 The ablation study indicates that the text embedding component is the primary 

contributor to response quality. When MSCare used only embedding-based retrieval, its 

performance was only slightly below that of the full system. However, limiting retrieval 

to just 1,000 abstracts resulted in a noticeable decline in comprehensiveness, diversity, 

and empowerment. The improvement in directness suggests that the responses could still 

adequately address most questions, but tended to be more concise. 

 The graph-only version performed the worst across all metrics and did not 

outperform the baseline LLM in any category, including directness. This highlights the 

limitations of relying solely on graph-based retrieval, particularly when compared to the 

embedding-only version using the same set of 1,000 abstracts. 
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Figure 4.9: Response comparison of MSCare (full and ablated versions) vs. baseline LLM. 

“Embedding only (1k abstracts)” refers to retrieval from the same 1,000 abstracts used in 

the graph-only version. 

 

 To assess whether the responses generated by MSCare and its ablated versions 

adequately addressed the evaluation questions, each response was evaluated using the 

Mostly Answered criterion, yielding binary (Yes/No) judgments. As shown in Table 4.4, 

the embedding-only version with access to only 1,000 abstracts was still able to answer 

most questions (93.5%). This aligns with the improvement observed in the directness 

metric, suggesting that even with a smaller knowledge base, the system can still generate 

relevant, though more concise, responses. Expanding retrieval to include all abstracts 

primarily enhances the richness and completeness of the responses rather than their basic 

answerability. In contrast, the graph-only version answered just over half of the questions, 

reflecting its limited capability for general-purpose question answering. 
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Table 4.4: Proportion of MSCare responses judged as “Mostly Answered” 

MSCare Version Mostly Answered 

Full 

Embedding only 

97.5% 

97.5% 

Embedding only (1k abstracts) 

Graph only 

93.9% 

55.1% 

 

4.4 MSCare Response Case Study 

This section presents two case studies comparing the full and ablated versions of MSCare, 

along with their corresponding evaluations across four metrics. This section also 

illustrates how MSCare retrieves relevant data from both the text embedding database 

and the knowledge graph. 

Table 4.5 shows responses to the question “What chemicals or signaling molecules 

are known to regulate mesenchymal stem cell proliferation or differentiation?” This 

example was selected to demonstrate the interplay between question rephrasing, text 

chunk retrieval and knowledge graph relationship retrieval. 

For the embedding-based approach, the original question was directly encoded and 

used to retrieve relevant text chunks from the embedding database. For the knowledge 

graph, the question was first rephrased into two sub-questions: 1) “What chemicals are 

known to regulate mesenchymal stem cell proliferation?” and 2) “What chemicals are 

known to regulate mesenchymal stem cell differentiation?” RetrieveRelatedEntities 

(Algorithm 1) was then invoked using the input keywords “mesenchymal stem cell 

proliferation” and “mesenchymal stem cell differentiation,” with the keyword category 

set to Biological Structure Function and the target category set to Chemical. 

In the full MSCare version, the underlying LLM synthesized the response by 

combining both retrieved text chunks and knowledge graph relationships. This resulted 
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in a comprehensive list of stimulatory and inhibitory agents from the knowledge graph, 

supplemented by contextual information on signaling pathways and cytokines from the 

text chunks. 

According to LLM-based evaluation, the full version demonstrated the highest 

comprehensiveness, while the embedding-only version performed best in empowerment 

and directness, and the graph-only version was rated highest in diversity. These results 

illustrate the complementary strengths of each retrieval component. The embedding-only 

version provided more contextual information, supporting clearer explanations. In 

contrast, the graph-only version introduced a broad range of entities but often lacked 

contextual depth. 

Table 4.5: MSCare case study I 

Question What chemicals or signaling molecules are known to regulate mesenchymal stem 
cell proliferation or differentiation? 

Full 
(Answer 1) 

Several chemicals and signaling molecules are known to regulate mesenchymal 
stem cell proliferation. Stimulatory agents include injectable hydrogel 
[1], DMEM-based expansion medium [2], treated water [3], small molecular 
hydrogel [4], calcitonin gene-related peptide [5], DBM-LBL-rFN/CDH [6], inner 
meniscal extracellular matrix fraction [7], outer meniscal extracellular matrix 
fraction [7], oxytocin [8], poly(3,4-dihydroxyphenethylamine) [9], human serum 
[10], AnSC-CM [11], umbilical cord blood plasma [12], transforming growth 
factor beta 1 and vascular endothelial growth factor [13], melatonin 
[14], RADA16-BDNF peptide scaffold [15], beta-tricalcium phosphate scaffold 
[16], polycaprolactone-hydroxyapatite composite scaffold [17], porous magnesium 
alloy [18], and lipopolysaccharide [19]. Inhibitory agents include oligomycin 
[20], dexamethasone [21], and HCC-conditioned medium [22]. Some agents, such 
as superparamagnetic iron oxide nanoparticle/dextran/poly-L-lysine complex 
[23], baicalin [24], all-trans retinoic acid [25], gadolinium-
diethylenetriamine penta-acetic acid [26], and pAdxsi-GFP-NELL1 [27], have been 
reported to have no significant effect on proliferation. 

For mesenchymal stem cell differentiation, several chemicals and signaling 
molecules have been identified as regulators. Stimulatory agents 
include strontium/phenamil combination [28], parathyroid hormone 
[29], strontium containing bioactive nanoparticle [30], miR-222 inhibitor 
[31], alphaMEM-based expansion medium [2], cytokine cocktail [32], lncRNAp21 
[33, 33], beta-mercaptoethanol [34], antagomiR-103 [35], trans-retinoic acid 
[34], polycaprolactone-hydroxyapatite composite scaffold [17], Fluvastatin 
[36], PKF118-310 [37], heparinized collagen scaffold [38], outer meniscal 
extracellular matrix fraction [7], hydroxyapatite bioceramic [39], 
and heterologous fibrin sealant [40]. Inhibitory agents include osteogenic 
supplement [41], agomiR-103 [35], osteoarthritic synovium-conditioned medium 
[42], dexamethasone (osteogenic differentiation) [21], glutathione (adipogenic 
differentiation) [43], and oligomycin [20]. Some agents, such as biomaterial 
extracts [44] and silica-calcium oxide bioactive nanoparticle [30], have been 
reported to have no effect on differentiation. 

Additionally, several signaling pathways and growth factors are highlighted in 
the literature as important regulators of MSC proliferation and 
differentiation, including bone morphogenetic proteins (BMPs), epidermal growth 
factors (EGF), transforming growth factors (TGF), wingless type MMTV 
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integration site (Wnt) proteins, and fibroblastic growth factor 
(FGF) [45, 46, 47]. Other pathways such as RhoA/ROCK, Akt/Erk, 
and YAP/TAZ (Hippo pathway effectors) are also involved and can be regulated by 
both chemical and mechanical stimuli [48]. Cytokines and immune/inflammatory 
factors, such as interleukin-1beta (IL1beta), granulocyte-colony stimulating 
factor (GCSF), stromal cell-derived factor 1 (SDF1), and stem cell factor 
(SCF), have also been shown to modulate MSC secretome and differentiation 
outcomes [49, 50, 51, 52]. 

Embedding 
only 

(Answer 2) 

Several chemicals and signaling molecules are known to regulate mesenchymal 
stem cell proliferation. Key growth factors such as epidermal growth factor 
(EGF), platelet-derived growth factor-BB (PDGF-BB), acidic fibroblast growth 
factor (FGF), basic FGF, and leukemia inhibitory factor have been identified as 
important for promoting proliferation. The combination of these growth factors 
exhibits strong mitogenic activity. Additionally, ascorbic acid (AA) has been 
shown to increase proliferation rates. Small molecules like 6-bromoindirubin-
3'-oxime (BIO) also enhance proliferation by increasing beta-catenin activity, 
while yes-associated protein 1 (YAP1) and beta-catenin have been confirmed to 
affect proliferation rates. Stem cell factor (SCF) and signaling pathways such 
as PI3K/Akt are also involved in regulating proliferation [1, 2, 3, 4, 5, 6]. 

For mesenchymal stem cell differentiation, several signaling molecules and 
pathways play critical roles. These include bone morphogenetic proteins 
(BMPs), epidermal growth factors (EGF), transforming growth factors 
(TGF), wingless type MMTV integration site (Wnt) proteins, and fibroblast 
growth factor (FGF). The Wnt/beta-catenin, Notch, and TGF-beta/BMP signaling 
pathways are particularly well known for modulating differentiation into 
cartilage, bone, and other lineages. Epigenetic factors such as chromatin 
remodeling, DNA methylation, histone modifications, and miRNA expression also 
significantly influence differentiation. Additionally, peroxisome proliferator-
activated receptors (PPARs) and various cytokines, including interleukin-1beta 
(IL1beta), can regulate differentiation outcomes [7, 8, 9, 10, 11, 12, 5, 13]. 

Physical and biochemical cues, including matrix stiffness, surface 
adhesiveness, and mechanotransduction pathways (such as RhoA/ROCK, Akt/Erk, 
and YAP/TAZ), also regulate both proliferation and differentiation of 
mesenchymal stem cells. These pathways can be influenced by both chemical and 
mechanical stimuli, further highlighting the complexity of MSC regulation [14]. 
 

Graph only 
(Answer 3) 

Several chemicals and signaling molecules are known to regulate mesenchymal 
stem cell proliferation. Stimulatory agents include inner meniscal 
extracellular matrix fraction [1], DMEM-based expansion medium [2], injectable 
hydrogel [3], treated water [4], DBM-LBL-rFN/CDH [5], calcitonin gene-related 
peptide [6], poly(3,4-dihydroxyphenethylamine) [7], Oxytocin [8], small 
molecular hydrogel [9], outer meniscal extracellular matrix 
fraction [1], polycaprolactone-hydroxyapatite composite scaffold [10], human 
serum [11], human blood products [12], porous magnesium alloy [13], and fetal 
calf serum [14]. Inhibitory agents 
include alcohol [15], oligomycin [16], dexamethasone [17], and HCC-conditioned 
medium [18]. Some agents, such as lipopolysaccharide and all-trans retinoic 
acid, have context-dependent effects, either stimulating, inhibiting, or having 
no effect on proliferation depending on concentration and experimental 
conditions [19, 20]. 

For mesenchymal stem cell differentiation, several chemicals and signaling 
molecules have been identified as regulators. Stimulatory agents 
include parathyroid hormone [21], strontium/phenamil 
combination [22], tetramethylpyrazine [23], hydrocortisone [24], beta-
mercaptoethanol [25], lncRNAp21 [26], strontium containing bioactive 
nanoparticle [27], miR-222 inhibitor [28], biomimetic mineral 
microsphere [29], alphaMEM-based expansion medium [2], antagomiR-
103 [30], cartilage extracellular matrix hydrogel [31], trans-retinoic 
acid [25], rosuvastatin [32], and AnSC-CM [33]. Inhibitory agents 
include agomiR-103 [30], glutathione (for adipogenic differentiation) 
[34], osteogenic supplement (in certain coculture contexts) 
[35], fulvestrant [36], dexamethasone (for osteogenic differentiation) [17], 
and osteoarthritic synovium-conditioned medium [37]. Some agents, such 
as ascorbic acid and gadolinium-diethylenetriamine penta-acetic acid, are 
reported to have no effect or to preserve differentiation potential [38, 39]. 
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Additionally, mesenchymal stem cells themselves are involved in the regulation 
of various signaling molecules. They are known to produce trophic 
factors [40], growth factors [41], and prostaglandin E2 [42, 43]. MSCs can also 
inhibit the production of malondialdehyde, reactive oxygen species, lipid 
peroxide, IgM, albumin, and proinflammatory cytokines in certain contexts 
[44, 45]. Environmental factors such as oxygen and fine particulate matter ≤2.5 
μm can also affect MSC function [46, 47]. 

LLM 
Evaluation 

Comprehensiveness 
Observations: 

• Answer 1 provides an exceptionally extensive and categorized list of 
stimulatory, inhibitory, and neutral agents for both proliferation and 
differentiation, with dozens of examples and thorough coverage. 

• Answer 2 offers a broad overview with specific signaling pathways and 
examples, touching on both biochemical and physical cues, but includes 
fewer specific chemicals. 

• Answer 3 gives a rich list of stimulatory and inhibitory agents, 
somewhat less detailed than 1 but still strong. It also includes MSC-
secreted factors and environmental modulators. 

Ranking: 
Answer 1 > Answer 3 > Answer 2 
Reasoning: 
Answer 1 is the most exhaustive in terms of enumerating relevant chemicals and 
molecules. Answer 3 follows with a similarly rich list but slightly less 
structure and breadth. Answer 2 is conceptually broad but not as extensive in 
listing specific agents. 

 
Diversity 
Observations: 

• Answer 3 excels in diversity, including stimulatory/inhibitory agents, 
endogenous MSC-secreted factors, oxidative stress modulators, and 
environmental influences (e.g., PM2.5, oxygen). 

• Answer 1 presents a massive catalog of agents, though mostly as 
itemized lists. It covers numerous molecules and signaling pathways 
but has less integrative diversity (e.g., fewer contextual or 
mechanistic variations). 

• Answer 2 includes biochemical, physical, and epigenetic regulators and 
covers pathways, cytokines, and miRNAs, reflecting conceptual and 
mechanistic diversity. 

Ranking: 
Answer 3 > Answer 2 > Answer 1 
Reasoning: 
Answer 3 integrates multiple types of regulators (chemical, environmental, 
endogenous). Answer 2 takes a broader biological systems view. Answer 1 is 
dense and thorough but more limited in angles and perspectives. 

 
Directness 
Observations: 

• Answer 2 is concise and logically structured, moving from 
proliferation to differentiation, clearly linking each group of 
molecules to specific outcomes. 

• Answer 1 is more comprehensive but can be overwhelming due to its 
encyclopedic list format. It is informative but less streamlined. 

• Answer 3 is similarly list-heavy, and while informative, it contains 
side discussions (e.g., MSCs' own secretions) that, while relevant, 
slightly detract from directness. 

Ranking: 
Answer 2 > Answer 1 > Answer 3 
Reasoning: 
Answer 2 is structured and to the point. Answer 1, though very detailed, is 
less digestible. Answer 3’s inclusion of tangential aspects makes it marginally 
less direct. 

 
Empowerment 
Observations: 

• Answer 2 provides a well-rounded framework that connects chemical 
signals to functional outcomes via known pathways. It references 
epigenetics, mechanotransduction, and provides context for regulatory 
mechanisms. 
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• Answer 1 offers many references and examples, enabling further 
exploration, though it does not elaborate on mechanistic context or 
interactions. 

• Answer 3 adds context (e.g., MSC’s own activity, oxidative stress), 
but lacks explanatory depth about how listed agents modulate pathways. 

Ranking: 
Answer 2 > Answer 1 > Answer 3 
Reasoning: 
Answer 2 empowers understanding through conceptual clarity. Answer 1 equips 
users with data and references but offers less synthesis. Answer 3 includes 
broader context but lacks analytical depth. 

 
Overall Ranking 
Final Ranking: 
Answer 1 > Answer 2 > Answer 3 
Reasoning: 
Answer 1 dominates in comprehensiveness and scores reasonably well elsewhere, 
making it the most valuable for deep reference. Answer 2 is strong in clarity, 
framework, and empowerment, offering an excellent conceptual overview. Answer 3 
is highly diverse and context-rich but somewhat scattered and less structured, 
slightly reducing its overall effectiveness. 
 

 

 Table 4.6 presents the second case study based on the question “What is the role of 

mesenchymal stem cells in immunomodulation? Use IL-6 as an example.” This example 

illustrates how MSCare incorporates paths retrieved from the knowledge graph into 

response generation and integrates them with retrieved text chunks. 

The question was first rephrased into two sub-questions for text chunk retrieval: 1) 

“What is the role of mesenchymal stem cells in immunomodulation?” and 2) “How do 

mesenchymal stem cells interact with interleukin-6 (IL-6) in the context of 

immunomodulation?” At the same time, RetrievePathsBetweenEntities (Algorithm 2) 

was invoked to find the top shortest paths between “mesenchymal stem cell” and 

“interleukin-6.” In addition, RetrieveRelatedEntities was invoked to gather associated 

nodes by specifying the keyword “mesenchymal stem cell” with the keyword category 

set to Biological Structure and the target category set to Biological Structure Function. 

Another call specified the keyword “interleukin-6” with the keyword category set to Gene 

and target category set to Biological Structure. 

The graph-only version was ranked highest in diversity, largely due to its ability to 

retrieve both direct and indirect relationships encoded in the knowledge graph. For 
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instance, the retrieved paths not only include a direct relationship (mesenchymal stem 

cell)‒[PRODUCES]→(IL-6) but also a 2-hop path such as (mesenchymal stem cell)‒

[AFFECTS]→(macrophage)‒[INHIBITS]→(IL-6). Additionally, more complex paths 

were also retrieved, such as (mesenchymal stem cell)‒[PRODUCES] → (IL-10) ←

[STIMULATES]‒(hUCMSCs-loaded injectable hydrogel therapy)‒[INHIBITS]→(IL-6). 

While such paths may not directly support an inferable relationship between MSCs and 

IL-6, they remain informative in revealing broader immunoregulatory roles of related 

therapies. These findings are consistent with the results from Table 4.3, where only about 

40% of retrieved paths were judged by the LLM to be biologically plausible for inferring 

relationships between two entities. 

The embedding-only version, on the other hand, generated the most empowering and 

comprehensive response. The full version cited the fewest PMIDs, all of which 

overlapped with those in the embedding-only version. Notably, it omitted citations 

retrieved from the first sub-question about general MSC immunomodulatory roles. 

Furthermore, although paths and relationships were successfully retrieved from the 

knowledge graph, they were not cited in the full response. Overall, the embedding-only 

version was judged to be the best response. 

Table 4.6: MSCare case study II 

Question What is the role of mesenchymal stem cells in immunomodulation? Use IL-6 as an 
example. 

Full 
(Answer 1) 

Mesenchymal stem cells (MSCs) play a significant role in immunomodulation, with 
interleukin-6 (IL-6) serving as a key mediator in this process. IL-6 is 
secreted in large quantities by MSCs and is involved in the immunosuppressive 
functions of these cells. Specifically, IL-6 produced by MSCs contributes to 
the suppression of activated T-cell proliferation, as demonstrated by studies 
where silencing IL-6 in bone marrow-derived MSCs led to a reduced capacity to 
suppress T-cell activity. Additionally, IL-6 is necessary for MSC proliferation 
and maintenance of their undifferentiated state, as its presence enhances MSC 
proliferation and protects them from apoptosis [1, 2]. 

Further evidence shows that MSCs secrete high levels of IL-6, which is directly 
correlated with their ability to inhibit T-cell proliferation. The 
immunosuppressive effect of MSCs can be partially reversed by neutralizing IL-
6, indicating its direct involvement in immune regulation. Moreover, MSCs can 
reduce the expression of costimulatory molecules on mature dendritic cells, 

https://pubmed.ncbi.nlm.nih.gov/33318571/
https://pubmed.ncbi.nlm.nih.gov/19650110/
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leading to decreased T-cell proliferation, with IL-6 being one of the soluble 
factors responsible for this effect [3]. 

However, the role of IL-6 in MSC-mediated immunomodulation is complex. For 
example, in human umbilical cord MSCs, IL-6 secretion is promoted by paracrine 
IL-1β from monocytes, but blocking IL-6 does not reverse the MSC-mediated 
inhibition of CD4(+) T lymphocytes, suggesting that IL-6 may not be the sole 
mediator of immunosuppression in all contexts. This highlights that while IL-6 
is a critical factor in MSC immunomodulation, other pathways and cytokines may 
also contribute to the overall immunoregulatory effects of MSCs [4]. 
 

Embedding 
only 

(Answer 2) 

Mesenchymal stem cells (MSCs) play a significant role in immunomodulation by 
interacting with both innate and adaptive immune systems. They can suppress the 
proliferation and function of major immune cell populations, including T cells, 
B cells, and natural killer cells, and modulate dendritic cell activities. 
These immunomodulatory effects are mediated through both direct cell-cell 
contact and the secretion of soluble factors, such as indoleamine 2,3-
dioxygenase (IDO), prostaglandin E2 (PGE2), nitric oxide (NO), and various 
cytokines, including interleukin-6 (IL-6) [1, 2, 3, 4, 5, 6, 7, 8, 9]. 

Focusing on IL-6, mesenchymal stem cells secrete high levels of this cytokine, 
which is involved in their immunosuppressive activities. IL-6 produced by MSCs 
contributes to the inhibition of T-cell proliferation, and silencing IL-6 in 
MSCs reduces their capacity to suppress activated T-cell proliferation. This 
indicates that IL-6 is necessary for the immunosuppressive function of MSCs. 
Additionally, IL-6 is involved in the maintenance of MSC "stemness" and 
proliferation, and its expression is higher in undifferentiated MSCs compared 
to their differentiated derivatives. The immunomodulatory effect of IL-6 is 
also linked to the suppression of dendritic cell maturation and function, 
further contributing to the overall immunosuppressive environment created by 
MSCs [10, 11, 12]. 

However, the precise mechanisms by which IL-6 mediates immunomodulation can be 
complex and context-dependent. For example, while IL-6 is necessary for MSC-
mediated immunosuppression in some settings, blocking IL-6 alone may not fully 
reverse the immunosuppressive effects of MSCs on certain immune cell subsets, 
suggesting that other factors and pathways are also involved in the 
immunomodulatory network orchestrated by MSCs [13]. 
 

Graph only 
(Answer 3) 

Mesenchymal stem cells (MSCs) play a significant role in immunomodulation by 
influencing various immune cell functions and cytokine environments. MSCs can 
inhibit the proliferation and cytokine secretion of T cells, B cells, natural 
killer (NK) cells, and dendritic cells, thereby suppressing immune responses 
and promoting immune tolerance. They also exhibit anti-inflammatory and 
immunomodulatory properties, which are central to their therapeutic potential 
in immune-mediated diseases [1, 2]. 

In the context of IL-6, mesenchymal stem cells interact with this cytokine in 
several ways. MSCs are capable of producing IL-6 themselves, and they can also 
stimulate the expression of IL-6 under certain conditions [3, 4]. For example, 
co-injection of MSCs with IRIS-overexpressing triple negative breast cancer 
cells led to increased circulating IL-6 levels [5]. Additionally, autologous 
adipose-derived MSCs can temporarily increase serum IL-6 concentrations [6]. 
Conversely, therapies involving MSCs, such as hUCMSCs-loaded injectable 
hydrogel, have been shown to inhibit IL-6 expression, indicating that MSCs can 
both upregulate and downregulate IL-6 depending on the context [7]. 

IL-6 itself is associated with the proliferation of MSCs, as it can stimulate 
MSC proliferation [5]. Furthermore, both MSCs and IL-6 are linked to the 
differentiation of myeloid cells toward an anti-inflammatory and reparative 
profile, highlighting the complex and context-dependent role of IL-6 in MSC-
mediated immunomodulation [8]. 

LLM 
Evaluation 

Comprehensiveness 
Observations: 

• Answer 2 provides an extensive discussion of how MSCs modulate both 
innate and adaptive immunity, listing key immune cells and mechanisms. 
It gives a deep dive into IL-6, discussing both functional relevance 
and context-dependency. 

https://pubmed.ncbi.nlm.nih.gov/17510220/
https://pubmed.ncbi.nlm.nih.gov/22508062/
https://pubmed.ncbi.nlm.nih.gov/21352202/
https://pubmed.ncbi.nlm.nih.gov/25913273/
https://pubmed.ncbi.nlm.nih.gov/28214990/
https://pubmed.ncbi.nlm.nih.gov/23931061/
https://pubmed.ncbi.nlm.nih.gov/30516112/
https://pubmed.ncbi.nlm.nih.gov/23090487/
https://pubmed.ncbi.nlm.nih.gov/26932157/
https://pubmed.ncbi.nlm.nih.gov/30870462/
https://pubmed.ncbi.nlm.nih.gov/18371428/
https://pubmed.ncbi.nlm.nih.gov/33318571/
https://pubmed.ncbi.nlm.nih.gov/17510220/
https://pubmed.ncbi.nlm.nih.gov/19650110/
https://pubmed.ncbi.nlm.nih.gov/22508062/
https://pubmed.ncbi.nlm.nih.gov/22515979/
https://pubmed.ncbi.nlm.nih.gov/35322978/
https://pubmed.ncbi.nlm.nih.gov/26497134/
https://pubmed.ncbi.nlm.nih.gov/26206376/
https://pubmed.ncbi.nlm.nih.gov/31014367/
https://pubmed.ncbi.nlm.nih.gov/26582907/
https://pubmed.ncbi.nlm.nih.gov/37331615/
https://pubmed.ncbi.nlm.nih.gov/31014367/
https://pubmed.ncbi.nlm.nih.gov/33138862/
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• Answer 1 gives a solid explanation of IL-6’s role in immunosuppression 
and MSC maintenance but lacks broader coverage of the MSCs' 
interaction with the immune system beyond T cells and dendritic cells. 

• Answer 3 introduces MSCs' general immunomodulatory role and provides 
examples of IL-6 activity in both therapeutic and pathological 
contexts, but it lacks detail on the mechanistic link between IL-6 and 
immunosuppression, especially compared to Answer 2. 

Ranking: 
Answer 2 > Answer 1 > Answer 3 
Reasoning: 
Answer 2 thoroughly explains MSC-mediated immunomodulation and IL-6's 
mechanistic involvement. Answer 1 is focused and specific but slightly less 
expansive in scope. Answer 3 is broad but lacks detailed mechanisms of IL-6 in 
immunomodulation. 

 
Diversity 
Observations: 

• Answer 3 stands out in diversity. It discusses MSC–IL-6 interactions 
across various contexts (cancer, autologous therapies, hydrogel 
therapies) and shows the bidirectional nature of IL-6 regulation. 

• Answer 2 offers varied mechanisms of immunomodulation (cell contact, 
soluble factors) and covers several immune cells, though its focus is 
tighter on IL-6’s suppressive effects. 

• Answer 1 is relatively narrow, focusing mainly on T cells and 
dendritic cells with fewer contextual angles or broader biological 
settings. 

Ranking: 
Answer 3 > Answer 2 > Answer 1 
Reasoning: 
Answer 3 provides multiple experimental contexts and shows IL-6 functioning in 
both pro- and anti-inflammatory roles. Answer 2 presents a strong but less 
varied perspective, while Answer 1 is narrower in scope. 

 
Directness 
Observations: 

• Answer 1 gives a clear, structured explanation of IL-6’s roles 
directly linked to MSCs’ immunosuppressive functions, following the 
question prompt closely and logically. 

• Answer 2 also directly addresses the question, but includes broader 
background info which slightly dilutes the focus compared to 2. 

• Answer 3 drifts into peripheral contexts (e.g., breast cancer co-
injection) without tightly linking back to immunomodulation, making it 
less direct. 

Ranking: 
Answer 1 > Answer 2 > Answer 3 
Reasoning: 
Answer 1 stays tightly focused on the role of IL-6 in MSC immunomodulation. 
Answer 2 is almost as direct but slightly more digressive. Answer 3 introduces 
relevant but tangential scenarios, reducing its directness. 

 
Empowerment 
Observations: 

• Answer 2 cites a large number of studies, explains both supportive and 
contradictory findings, and acknowledges the complexity of IL-6's 
function, helping readers understand nuanced interpretations. 

• Answer 1 provides references and explains experimental findings, but 
with less emphasis on complexity or limitations of IL-6's role. 

• Answer 3 includes multiple sources and examples, but doesn’t clearly 
explain the mechanisms or implications, which may leave readers less 
empowered to make informed judgments. 

Ranking: 
Answer 2 > Answer 1 > Answer 3 
Reasoning: 
Answer 2 balances explanation with evidence, highlights complexity, and offers 
a mature scientific view. Answer 1 is factually strong but somewhat less 
analytical. Answer 3 is evidence-rich but interpretively shallow. 

 
Overall Ranking 
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Final Order: 
Answer 2 > Answer 1 > Answer 3 
Reasoning: 
Answer 2 scores highly across all dimensions: it’s comprehensive, nuanced, 
well-sourced, and mechanistically insightful. Answer 1 is strong in clarity and 
focus but less diverse. Answer 3 is the most varied but lacks depth and clarity 
in directly addressing the question and empowering the reader with mechanistic 
understanding. 
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Chapter 5 TWHM Chatbot Results 

5.1 TWHM Database Statistics 

The resulting TWHM database includes 636 herbs, 16,757 ingredients, 16,604 gene 

targets, and 29,604 diseases, with 43,922 herb-ingredient associations, 541,701 

ingredient-target associations, and 1,008,072 target-disease associations (Table 5.1). 

Table 5.1. TWHM Database Statistics 

Component Data Sources 
Number of 

Entries 

Herbs Integrated from TM-MC 2.0 636 

Ingredients 
Integrated from TM-MC 2.0 and standardized using 

PubChem 
16,757 

Targets 
Integrated from STITCH v5.0 and standardized 

using HGNC 
16,604 

Diseases Integrated from DisGeNet v7.0 29,604 

 

5.2 Text-to-SQL Evaluation 

5.2.1 Number of Generated Queries per Question 

To assess whether the TWHM chatbot can answer questions using a single query and 

whether it tends to generate additional SQL queries that could burden the database, the 

number of generated queries per question was examined. The evaluation questions are 

listed in Appendix E.1 and E.2. 

The results indicate that for both question sets, when using GPT-4.1 as the 

underlying LLM, over 95% of questions were answered with a single query (Figure 5.1A). 

Fisher’s exact tests show that the presence and absence of the Selector module did not 

significantly affect the number of queries generated (p = .800 for o4-mini questions; p 
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= .828 for Gemini-2.5-Flash questions). 

 When using GPT-4o-mini as the underlying LLM, nearly half of the questions 

resulted in more than one query, and in some cases, no query was generated at all due to 

LLM output errors (Figure 5.1B). Fischer’s exact tests also indicate that the presence and 

absence of the Selector module did not significantly affect the number of queries 

generated (p = .304 for o4-mini questions; p = .196 for Gemini-2.5-Flash questions). 
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Figure 5.1: Number of generated SQL queries per question across question sets and 

chatbot configurations. 

(A) GPT-4.1 and (B) GPT-4o-mini as the underlying LLM. 

Each question set contains 100 questions. “no-selector” and “selector” denote whether 

the Selector module was enabled. ns: not significant. 

B 

A 
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5.2.2 Refiner Invocation Frequency 

To assess whether filtering out irrelevant parts of the database schema via the Selector 

module improves execution success rates, the frequency of Refiner module invocation 

was analyzed.  

The number of questions requiring SQL query refinement did not differ significantly 

with or without the Selector module when using either GPT-4.1 or GPT-4o-mini as the 

underlying LLM (Figure 5.2). However, significantly more queries required refinement 

when GPT-4o-mini was used compared to GPT-4.1 (p = .003 for o4-mini questions 

without Selector; p=.003 for Gemini-2.5-Flash questions with Selector), indicating that 

GPT-4.1 is more likely to generate a successfully executable query on the first attempt.  

 

Figure 5.2: Number of questions where the Refiner module was invoked during the 

chatbot processing workflow. 

Fewer refiner calls indicate a higher rate of successfully executed queries.  

**: p < .01; ns: not significant. 
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  As a case study, SQL errors from the first run that triggered Refiner calls were 

analyzed. The types and frequencies of these errors are summarized in Table 5.2. When 

using GPT-4o-mini, the system was more prone to generating queries with either 

syntactic errors (error code: 1064) or schema-related semantic errors (error code: 1052 

and 1054). A notable portion of errors resulted from exceeding the maximum execution 

time (error code: 3024), which was intentionally limited to 60 seconds to prevent long 

running queries from degrading the user experience. Other error types included query-

logic semantic errors (error code: 1242) and execution constraint violations due to 

database limitations (error code: 1235 and 3065). 

 All errors except timeouts were potentially resolvable through query refinement. In 

both GPT-4.1 and GPT-4o-mini settings, the Refiner module successfully corrected many 

of these issues. However, when GPT-4o-mini encountered syntactic errors (error code: 

1064)—primarily due to missing or misused quotation marks—over half of those errors 

persisted even after refinement. 
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Table 5.2: Frequency of SQL error types (first run only) 

MySQL 

Error Code 
Error Description  

GPT-4.11 

(o4-mini3) 

GPT-4o-

mini2 

(o4-mini3) 

GPT-4.11 

(gemini4) 

GPT-4o-

mini2 

(gemini4) 

1052 Column is ambiguous 0 0 0 3 

1054 Unknown column name 0 8 0 7 

1064 SQL syntax error 0 4 0 4 

1235 
This version of MySQL doesn't yet support 

'LIMIT & IN/ALL/ANY/SOME subquery 
1 0 0 0 

1242 Subquery returns more than 1 row 0 1 0 0 

3024 
Query execution was interrupted, maximum 

statement execution time exceeded 
13 12 3 2 

3065 
ORDER BY column not in SELECT list 

with DISTINCT 
0 2 6 0 

# Questions triggering Refiner 

(Total Refiner calls) 

14 

(14) 

23 

(27) 

9 

(9) 

11 

(16) 

1: GPT-4.1 as the underlying LLM 

2: GPT-4o-mini as the underlying LLM 

3: o4-mini generated question set 

4: Gemini-2.5-Flash generated question set 

The final row shows the number of questions that triggered the Refiner and the total number of Refiner 

calls in parentheses, as a single question may contain multiple queries resulting in separate errors. 

 

5.2.3 Query Quality Evaluation 

To evaluate the quality of the generated SQL queries and examine the impact of including 

the Selector module, an LLM-based evaluation was conducted using three metrics: 

validity, ideality, and success. 

Overall, GPT-4.1 consistently outperformed GPT-4o-mini in generating valid and 

ideal SQL queries for advanced questions across both question sets and evaluation models 
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(Figure 5.3 and Figure 5.4). The inclusion of the Selector module improved validity and 

ideality of advanced questions when using GPT-4.1on the o4-mini question set, but this 

improvement was not observed for GPT-4o-mini (Figure 5.3).  

In terms of success rate, no significant difference was observed between GPT-4.1 

and GPT-4o-mini across both question sets and evaluation models. This may be attributed 

to GPT-4o-mini’s tendency to decompose complex questions into multiple simpler 

queries, which enables it to successfully address them (Figure 5.1). However, this 

decomposition does not necessarily enhance validity, as the resulting queries may fail to 

fully address the original question (Figure 5.3 and Figure 5.4). 

Evaluation results using o4-mini and Gemini-2.5-Flash as evaluators showed 

consistent patterns across both question sets. However, ideality metric showed more 

variability between runs, likely due to the complexity of ideality judgments, which require 

deeper consideration of the schema and adherence to decomposition constraints. 

  



doi:10.6342/NTU202501236

 77 

 

Figure 5.3: Performance of the TWHM chatbot on SQL query quality metrics (o4-mini 

generated question set). 

Evaluation performed using (A) o4-mini and (B) Gemini-2.5-Flash. 

***: p < .001, **: p < .01, *: p < .05; ns: not significant. 

  

A B 
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Figure 5.4: Performance of the TWHM chatbot on SQL query quality metrics (Gemini-

2.5-Flash generated question set). 

Evaluation performed using (A) o4-mini and (B) Gemini-2.5-Flash. 

***: p < .001, **: p < .01, *: p < .05; ns: not significant. 

  

A B 
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5.3 TWHM Chatbot Response Case Study 

This section presents a case study that illustrates the TWHM chatbot’s processing flow, 

its ability to answer questions in Traditional Chinese, and its capability to interpret follow-

up questions by utilizing chat history for context. 

 The initial query 「請列舉前 20 個有最多中草藥含有的成分，包含其出現次

數。」was given to the chatbot. The corresponding response is shown in Figure 5.5. Upon 

receiving the query, the system detected the language as Traditional Chinese. The Selector 

module retained only the relevant tables: “herb,” “herb_ingredient,” and “ingredient” (see 

Figure 3.4 for the database schema). The Decomposer module determined that a single 

query was sufficient and generated the following SQL: 

SELECT i.`Ingredient ID`, i.`Name`, COUNT(DISTINCT hi.`Herb ID`) AS `Herb Count` 

FROM `herb_ingredient` hi 

JOIN `ingredient` i ON hi.`Ingredient ID` = i.`Ingredient ID` 

GROUP BY i.`Ingredient ID`, i.`Name` 

ORDER BY `Herb Count` DESC 

LIMIT 20; 

The query executed without errors, so the Refiner module was not invoked. During 

response generation, the system called a predefined function to display the results in 

tabular format, appended hyperlinks to each ingredient ID, and provided a link to the full 

records below the table. 
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Figure 5.5: TWHM chatbot response to the query「請列舉前 20 個有最多中草藥含有

的成分，包含其出現次數。」 

 

A follow-up query 「請給我前三名成分的相關資訊，以及他們共同與哪些基因

有關連性。」 was then given to the chatbot. The response is shown in Figure 5.6. The 

system retrieved the chat history for the current session and detected the language of the 

new query as Traditional Chinese. The Selector module then retained the relevant tables: 

“herb_ingredient,” “ingredient,” “ingredient_synonyms,” “ingredient_target,” and 

“target.” The Decomposer module interpreted the query intent using the retrieved chat 

history and decomposed the question into three sub-questions, each with a corresponding 

SQL query: 
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1. 查詢前 3 個被最多中草藥含有的成分 ID 與名稱。 

SELECT i.`Ingredient ID`, i.`Name` 

FROM `herb_ingredient` hi 

JOIN `ingredient` i ON hi.`Ingredient ID` = i.`Ingredient ID` 

GROUP BY i.`Ingredient ID`, i.`Name` 

ORDER BY COUNT(DISTINCT hi.`Herb ID`) DESC 

LIMIT 3; 

2. 查詢這三個成分的詳細資訊（ID、名稱、IUPAC Name、CID、Molecular Formula、Molecular Weight、

CAS）。 

SELECT `Ingredient ID`, `Name`, `IUPAC Name`, `CID`, `Molecular Formula`, 

`Molecular Weight`, `CAS` 

FROM `ingredient` 

WHERE `Ingredient ID` IN ('TWHMI005531', 'TWHMI000123', 'TWHMI005593'); 

3. 查詢這三個成分共同關聯的基因（Target ID、Symbol、Name），僅包含高信度（Combined Score >= 0.7）。

SELECT t.`Target ID`, t.`Symbol`, t.`Name` 

FROM `ingredient_target` it1 

JOIN `ingredient_target` it2 

ON it1.`Target ID` = it2.`Target ID` AND it2.`Ingredient ID` = 'TWHMI000123' AND 

it2.`Combined Score` >= 0.7 

JOIN `ingredient_target` it3 

ON it1.`Target ID` = it3.`Target ID` AND it3.`Ingredient ID` = 'TWHMI005593' AND 

it3.`Combined Score` >= 0.7 

JOIN `target` t 

ON it1.`Target ID` = t.`Target ID` 

WHERE it1.`Ingredient ID` = 'TWHMI005531' AND it1.`Combined Score` >= 0.7; 

 

All queries executed successfully. During response generation, the results of sub-

question 2 and 3 were presented in tabular format. The accompanying table descriptions 

explained the evidence sources linking ingredients to gene targets, as well as the filters 

applied during table joins. 
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Figure 5.6: TWHM chatbot response to the follow-up query 「請給我前三名成分的相

關資訊，以及他們共同與哪些基因有關連性。」 
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Chapter 6 Discussion 

This study developed two chatbot systems: MSCare and the TWHM chatbot. MSCare 

combines text embedding-based retrieval of text chunks with a knowledge graph-based 

approach for retrieving relevant biological entities and relationships, while the TWHM 

chatbot employs a text-to-SQL method to generate SQL queries based on the provided 

database schema and execute them to retrieve database records. The evaluation methods 

proposed in this work helped identified key issues, areas for improvement, and 

fundamental challenges in the current system architectures. 

 This chapter discusses the limitations and potential improvements for each approach 

used in the study, enhancements to the evaluation methods, and broader challenges 

involved in designing effective chatbot systems. 

 

6.1 Text Embedding 

6.1.1 Relevance of Retrieved Text Chunks 

MSCare uses a text embedding model to encode abstract chunks into vectors for retrieval. 

Compared with the BM25 retrieval function, the selected embedding model (text-

embedding-3-small) with the current retrieval settings performed better across most 

question types. However, results indicate that the top-ranked chunks did not always align 

with the intent or biological implications of the questions, while some lower-ranked 

chunks were still highly relevant. This suggests that the current text embedding model 

may struggle to capture fine-grained distinctions in the text, leading to suboptimal ranking 

of informative chunks. It also highlights the need for incorporating a re-ranking or other 

post-retrieval processing mechanisms to improve retrieval performance on the MSC 

dataset. 
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6.1.2 Text Chunking Strategies and Chunk Size 

This study adopts a word-based chunking strategy for convenience. However, 

maintaining semantic coherence or using shorter, meaningfully segmented chunks can  

result in cleaner and more informative retrieval units. For example, Sukhvinder Singh et 

al. (2024) proposed constructing chunks by evaluating embedding similarity between 

consecutive sentences and creating a new chunk when the similarity drops below a 

predefined threshold. Gao et al. (2023) discussed a hierarchical parent-child structure, 

where smaller child chunks are retrieved first and linked to larger parent chunks for 

broader context. 

 While MSCare is capable of generating responses that outperform the baseline LLM 

under the current chunking and presentation strategy, adopting adaptive chunking 

methods may help address the issue of retrieving less relevant chunks and in turn mitigate 

the need for re-ranking mechanisms. 

 

6.2 Knowledge Graph 

6.2.1 MSC Knowledge Graph 

The knowledge graph constructed from MSC-related literature exhibits a power-law 

degree distribution with an exponent of 1.79, indicating that it can be considered a scale-

free network. Scale-free networks are commonly observed in biological systems, such as 

metabolic networks (Jeong et al., 2000), protein-protein interaction networks (Maslov and 

Sneppen, 2002), and gene expression networks (Bergmann et al., 2004). This observation 

also aligns with findings from recent work that constructed a large-scale biomedical 

knowledge graph from PubMed abstracts (Zhang et al., 2025). A characteristic feature of 

scale-free networks is the presence of hubs, which are nodes with a high number of 
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connections. As shown in Figure 4.6, these hubs correspond to highly studied or 

frequently mentioned terms in MSC research. 

 A scale-free network exhibits a property called scale invariance, meaning that any 

subpart of the network is stochastically similar to the whole (Khanin and Wit, 2006). 

Jeong et al. (2000) suggested that this structure may contribute to the robustness and error 

tolerance of metabolic networks. Alm and Arkin (2003), however, emphasized that 

interpretations of biological scale-free networks should take into account the identities 

and biological properties of the entity nodes. 

 In this study, the knowledge graph was specifically constructed from MSC 

publications. As a result, the network is expected to be centered around MSC-related 

entities. This structure may reflect research trends and areas of emphasis in MSC studies, 

highlighting their associations with other biological entities. It also provides a potential 

means to explore indirect relationships involving MSCs by examining the surrounding 

entities and the relationships among them. 

6.2.2 Graph Construction 

The construction of the MSC knowledge graph followed a step-by-step, chain-of-thought 

prompting process in which the LLM was guided to break down the tasks and address 

each part sequentially. This approach heavily relies on prompt engineering techniques to 

elicit optimal output from the LLM and differs significantly from previous biomedical 

knowledge graph construction methods (Lu et al., 2025), which typically involve training 

machine learning models to identify specific entity types and relationships. 

 In contrast, the method adopted in this study offers greater flexibility: both entity 

categories and relationship types can be adapted simply by modifying the prompts. 

However, this flexibility comes with trade-offs. Stable and consistent extraction requires 

detailed descriptions of relationship definitions, clear extraction guidelines, and 
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informative examples within the prompt. This poses a challenge not only in crafting 

unambiguous instructions but also in the LLM’s ability to follow them reliably within a 

long and complex prompt. 

 Another important consideration is the accuracy of the extracted knowledge graph. 

Since this approach is applied to a custom dataset, proper evaluation would ideally require 

a dedicated benchmark to identify false positives and false negatives. This study does not 

curate such a benchmark. However, as the knowledge graph serves as an intermediate 

knowledge representation rather than the final output shown to users, an additional 

filtering step occurs during response generation. At that stage, the LLM reviews both the 

extracted relationships and their supporting evidence to decide whether to include them 

in the response. While some relevant relationships may be missing from the original 

abstracts during knowledge graph construction (i.e., false negatives), making no claim is 

preferable to making an incorrect one. 

6.2.3 Graph Retrieval Strategies 

Error case analysis from the graph retrieval evaluations reveals several areas where the 

current graph design could be improved. For instance, incorrectly extracted entity names 

can lead to persistent retrieval failures, as such entities cannot be matched. Additionally, 

the current retrieval strategies impose a limit on the number of relationships and paths 

returned to prevent overwhelming the LLM with excessive content. However, this 

approach can result in the omission of relationships connected to high-degree entities, 

making it necessary to develop strategies for relationship aggregation or filtering to 

ensure that relevant information is not lost. 

Another limitation lies in the handling of n-ary relationships, where more than two 

entities must be considered together for the relationships to be meaningful. This includes 

cases where a relationship is conditional on additional entities or specific experimental 
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contexts. 

 These limitations highlight the need for non-string-based keyword and synonym 

matching strategies to recover incorrectly extracted but still meaningful entities. 

Embedding-based node matching has been explored in frameworks such as MiniRAG 

(Fan et al., 2025) and LightRAG (Guo et al., 2024). The limitations also point to the 

importance of summarizing retrieved relationships before presenting them to the LLM 

(Edge et al., 2024), as well as post-retrieval processing techniques such as expanding the 

results into connected subgraphs to better capture relationships between entities (He et al., 

2024). 

6.2.4 Indirect Relationship Inference 

One of the main advantages of using knowledge graph-based retrieval is its ability to 

identify indirect relationships between entities through the paths that connect them, which 

is an area where text embedding-based retrieval may fall short. The path retrieval process 

is bidirectional, allowing paths to be discovered regardless of whether the input entity 

appears as the source or target. Evaluation results show that approximately 40% of the 

retrieved paths are interpretable and capable of forming biologically meaningful 

relationships. For the remaining paths, several factors may contribute to their reduced 

interpretability, such as mismatches in relationship types or incoherent directionality 

along the path. These observations suggest that additional filtering steps may be beneficial 

before presenting the paths to the LLM. 

 One possible approach is to define meta paths, which represent semantically 

meaningful sequences of entities connected through specific relationships (Islam et al., 

2023; Jiménez et al., 2024). Counting the frequency of specific path types may also aid 

in evaluating the informativeness of different paths (Himmelstein et al., 2017). However, 

given that this study uses 7 entity categories and 29 relationship types, defining and 
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validating all meaningful meta paths poses a considerable challenge.  

6.2.5 Response Presentation 

In this study, responses generated using the knowledge graph-based method tend to be 

diverse but often lack comprehensiveness and informativeness. Specifically, since each 

retrieved relationship is typically accompanied by only a single evidence sentence that 

directly supports it, the response may miss important background details for additional 

context. This limitation reduces the explanatory depth of the generated response. One 

possible solution is iterative retrieval, which retrieves additional supporting text chunks 

or relationships until a complete reasoning chain is formed (Ma et al., 2024). Another 

approach involves tree-based retrieval to access parent text chunks related to the retrieved 

relationships, thereby providing broader context (Sarthi et al., 2024). 

The degradation in response quality when combining text embedding and knowledge 

graph retrieval may also be partly explained by the “lost-in-the-middle” phenomenon: 

when relevant content appears in the middle of long input contexts, LLM performance 

tends to decline (Liu et al., 2023). In addition, the inclusion of non-coherent content can 

increase uncertainty in the model’s output and reduce the overall quality of the response 

(Zhang et al., 2024). 

 

6.3 Text-to-SQL 

The TWHM chatbot leverages the in-context learning capabilities of LLMs to generate 

SQL queries. This is achieved by providing the LLM with the database schema, SQL 

generation guidelines, and database-specific instructions. 

 The performance of this approach is influenced by several key factors: the 

representation of the database schema, the selection of example values, the clarity of SQL 
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generation guidelines, and most critically, the choice of the underlying LLM. Since 

different LLMs vary in their ability to follow instructions (Wu et al., 2024), prompt design 

must be tailored to each model’s capabilities.  

6.3.1 Database Schema Selection and Representation 

Various formats for representing database schemas have been explored in previous work 

(Chang and Fosler-Lussier, 2023; Rajkumar et al., 2022; Zhang et al., 2024). Among them, 

column-wise representations with example values have shown the best performance. 

Specifically, providing three representative values per column has been found to balance 

informativeness and prompt length, without compromising SQL execution accuracy 

(Chang and Fosler-Lussier, 2023; Rajkumar et al., 2022). This study adopted this strategy 

and drew on templates from MAC-SQL (Wang et al., 2023) to construct the schema for 

the TWHM database. 

Although not extensively validated, the Selector module showed improvements in 

both the validity and ideality of generated queries, particularly for more complex 

questions. This aligns with findings that irrelevant schema content can increase 

uncertainty and reduce output quality (Ling et al., 2024; Zhang et al., 2024). Therefore, 

the role of the Selector is likely to become more critical as the schema size and complexity 

increase. 

The TWHM schema consists of fewer than 20 tables and is approximately 3,000 

tokens in length, allowing it to fit well within the LLM’s context window. However, this 

may not be feasible for larger databases, where the full schema could exceed the model’s 

context limit. In such cases, effective schema selection strategies are necessary to reduce 

prompt size while maintaining accuracy and keeping computational costs manageable. 

One potential approach is to include only a subset of important tables and columns 

in the initial schema prompt, while mapping the relationships between excluded elements 
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and those included using a graph structure. This way, when a major table is selected, its 

related minor tables or columns can be dynamically identified and included in further 

rounds of filtering. 

However, ensuring the accuracy of generated SQL queries depends on the correct 

inclusion of all relevant schema components. Any omissions will inevitably result in 

erroneous queries, making the design of effective schema selection strategies challenging 

for large databases. 

6.3.2 SQL Quality Dependency on the Choices of LLMs 

The quality of SQL generation is closely tied to the capabilities of the LLM used. As 

demonstrated in this study, model choice significantly impacts the validity and ideality of 

generated SQL queries. 

 This study used GPT-4.1 as the underlying LLM for SQL generation. Compared to 

GPT-4o-mini, GPT-4.1 produced more ideal queries that adhered more closely to the 

decomposition instructions. With the release of increasingly capable LLMs, future 

prompts may include more nuanced SQL guidelines and database-specific instructions to 

further improve performance. 

For instance, as observed in the TWHM case study (the third SQL query of the 

follow-up question), the use of operations such as “INTERSECT,” which is supported in 

the MySQL version used in this study, could be explicitly included in the guidelines to 

help the LLM write more concise and efficient queries tailored to the target database. 

6.3.3 Extensibility of the Text-to-SQL Approach Developed in this Study 

The system underlying the text-to-SQL approach is designed to be extensible and can be 

adapted to other SQL databases with minimal effort. To apply the system to a new 

database, only the following components need to be provided. 
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1. A JSON file specifying the schema of the target database, formatted as: 

{ 
<table_name_1>: { 
  <column_name_1>: “column_description”, 
  <column_name_2>: “column_description”, 
  ... 
}, 
... 

    } 

2. A JSON file indicating which columns can be linked to external sources. Each entry 

should contain a URL for linked columns or an empty string if there is no external 

link: 

{ 
<table_name_1>: { 

    <column_name_1>: “a URL or empty”, 
    <column_name_2>: “a URL or empty”, 
    ... 
}, 
... 

} 
 

3. A set of custom instructions tailored to the target database, such as implicit filtering 

criteria and any domain-specific knowledge or rules to be included in the system 

prompt during SQL generation. 

 

6.4 Limitations 

6.4.1 Response Generation 

This study aims to develop chatbot systems that provide factual, reference-based 

responses that align with the needs of biologists. However, despite efforts to extract and 

retrieve relevant biological information, the format of the final response has not been 

thoroughly studied or optimized to match user preferences. To prevent the systems from 

producing speculative answers or unsupported reasoning, the system prompts given to the 

LLM are highly restrictive (see Appendices B.3 and D.4). As a result, users may not 
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receive the desired information in the initial round of interaction. 

 Users are encouraged to ask follow-up questions and provide additional context to 

help the system better understand their intent and generate accurate database queries. An 

empty result does not necessarily indicate that the information is absent from the database; 

it may be due to ambiguity in the query. 

 Additionally, users are encouraged to verify the validity of responses by referring to 

the original publications. Abstracts may contain broad or generalized conclusions that 

overlook specific experimental conditions discussed in the full text. 

6.4.2 Evaluation Methods 

This study extensively utilizes LLMs to generate custom evaluation questions by 

providing them with benchmark question types and examples, as well as to perform 

Yes/No or pairwise comparisons for judgment. In MSCare, persona-based and follow-up 

question generation strategies were combined to simulate realistic conversational 

scenarios. These responses were then compared to those from a baseline LLM to assess 

the effectiveness of incorporating RAG-based methods. While this comparison provides 

insights into the utility of retrieval-augmented generation, it does not establish an upper 

bound for RAG performance and is therefore unable to fully evaluate the effectiveness of 

the retrieval design in MSCare. 

Furthermore, the evaluation metric used in MSCare may disadvantage knowledge 

graph-based retrieval. One key purpose of using a knowledge graph is to enable indirect 

reasoning via relationship paths rather than to retrieve broad contextual content. This 

design intention is not fully captured by evaluating only the completeness and diversity 

of the response. 

 For the TWHM chatbot, two top-performing LLMs (o4-mini and Gemini-2.5-Flash) 

were used to generate natural language questions based on the provided database schema 



doi:10.6342/NTU202501236

 93 

and to assess the validity, ideality, and success of the resulting SQL queries. Each 

configuration was evaluated across three independent runs to account for model-specific 

biases and the inherent variability of LLM outputs. While results from both models were 

generally consistent, this evaluation method has not yet been validated on other databases. 

Additionally, successful evaluation depends on providing the LLM with a sufficient 

number of diverse, well-constructed examples. In this study, ten manually curated 

examples were used to cover a broad range of scenarios. 

 Although the evaluation methods used are limited in scope, the LLM-based approach 

remains useful for broadly identifying and summarizing issues in retrieval and response 

generation. Since it does not rely on human intervention, it can be automated to rapidly 

uncover system weaknesses and guide iterative improvements. It also serves as a practical 

starting point for estimating performance when adapting the chatbot to new datasets. 
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Chapter 7 Conclusion 

This study developed two chatbot systems, MSCare and the TWHM chatbot, designed to 

assist in searching and summarizing information from unstructured text and structured 

tables. Responses generated by MSCare are reference-based and can be linked to original 

PubMed abstracts, whereas those from the TWHM chatbot can be linked to entries in the 

TWHM database. MSCare produced responses that outperformed the baseline LLM in 

over 75% of cases. The text embedding approach outperformed BM25 ranking and 

accounted for most of MSCare’s performance gains. The knowledge graph, constructed 

from a subset of abstracts, contributed to response diversity in some cases but struggled 

to provide contextual responses and failed to answer a range of questions, likely due to 

limitations in the defined relationship and entity types. Nonetheless, the constructed MSC 

knowledge graph successfully captured key MSC-related biological entities, as evidenced 

by their high-degree connections with other entities. The TWHM chatbot successfully 

generated and executed SQL queries for most evaluation questions after refinement, 

except in cases where the system timed out due to an intentionally imposed execution 

limit. The evaluation of query validity and ideality demonstrated the effectiveness of the 

designed modules. 

 Future work will focus on expanding the knowledge graph to cover a larger set of 

abstracts and on refining retrieval strategies to improve both accuracy and coverage. 

Another important direction is the development of more robust evaluation methods to 

better assess the system’s limitations and effectiveness. In addition, efforts will be made 

to improve the alignment of chatbot responses with user intent to support more fluent and 

natural conversational experiences. 
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Appendices 

A MSCare 

A.1  Knowledge Graph Synonym Handling 

To account for terminological variation across publications, the MSC knowledge graph 

incorporates synonym nodes that link alternative names and abbreviations to canonical 

entity nodes. This design ensures that entities mentioned differently across sources can 

still be accurately recognized and retrieved. 

 Figure A.1 illustrates this approach for the cytokine “interleukin-1 beta,” which 

appears under many textual variants in the literature (e.g., “IL-1b”, “IL-1β”, “interleukin 

1 beta”). These variations are identified during graph construction by the LLM, and are 

stored as dedicated synonym nodes linked via the HAS_SYNONYM relationship. Instead 

of storing all synonyms as attributes within entity nodes, this design allows for more 

efficient retrieval through one-hop traversal using HAS_SYNONYM relationships. 

 In Algorithm 1 and 2 (see Chapter 3.2.4, Knowledge Graph Retrieval), synonym 

resolution corresponds to “get synonyms of 𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛.” For example, a query term “IL-

1beta” is first normalized to “il 1beta”, which matches nodes whose names also normalize 

to “il 1beta”, such as “IL 1beta”, “IL-1β”, and “IL-1beta” (U+2011 non-breaking hyphen). 

The synonyms of these matched nodes are then retrieved. If the matched node is a 

synonym, the algorithm collects all canonical entity nodes connected to it via one-hop 

traversal. If the matched node is a canonical entity, its linked synonym nodes are retrieved, 

but since relationships are stored only with entity nodes, these synonyms do not contribute 

new relationships during subsequent retrieval steps. In some cases, an entity node and its 

synonym node may share the same name, as different articles may mention multiple forms 
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of a term but favor different ones as their primary reference. During entity extraction, the 

non-primary forms are extracted as synonyms. 

 To avoid excessive expansion through synonym chains, traversal is restricted to a 

single hop. For example, if a query term such as “bone marrow-derived mesenchymal 

stem cell” were allowed to traverse multiple synonym hops, it might inadvertently 

generalize to all MSC types, since some articles abbreviate it as “MSC.” The one-hop 

limit helps maintain retrieval specificity. 

 

Figure A.1: Gene entity nodes and synonym nodes for “interleukin-1 beta”. 

Blue nodes represent canonical entity nodes; light brown nodes represent synonym nodes. 
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A.2  Path Length Between Graph Entities 

Table A.1: Distance distribution of two nodes in graph. 

The ± indicates the 95% confidence interval for the value. 

Path Length Uniform Sampling (%) Node Degree Sampling (%) Exact Relationship (%) 

= 1 0.01 ± 0.02 0.70 ± 0.16 N/A 

≤ 2 0.38 ± 0.12 4.85 ± 0.42 13.90 

≤ 3 2.87 ± 0.33 17.96 ± 0.75 45.17 

≤ 4 12.14 ± 0.64 39.19 ± 0.96 49.55 

≤ 5 28.18 ± 0.88 59.09 ± 0.96 53.92 

≤ 6 46.43 ± 0.98 71.73 ± 0.88 55.18 
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A.3  MSCare Performance Evaluation 

Table A.2: Response comparison of MSCare (full and ablated versions) vs. baseline LLM. 

Responses were evaluated in a pairwise manner. For each criterion within each 

experimental setting, the percentages for MSCare and the baseline LLM sum to 100%. 

“Embedding only (1k abstracts)” refers to retrieval from the same subset of 1,000 

abstracts used in the graph-only version.  
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B MSCare System Prompts 

B.1  MSCare Query Analysis and Data Retrieval Prompt 

You are a helpful and disciplined database agent that provides evidence-based information to 
users from the database using multiple approaches. 
You will receive a 【User Question】, 【Database Description】, and any supplemental 【Chat 
History】. Please adhere to the requirements and guidelines carefully. 
 
【Database Description】 
**Database Name**: Mesenchymal Stem Cell (MSC) Database 
**Database Details**: This database comprises 38,187 abstracts from PubMed articles focused on 
human mesenchymal stem cells. 
 
# Requirements 
 
- Review the 【Chat History】 carefully if provided. The PMID appears directly after an entity 
serves as evidence for the connection between that entity and the closest previously mentioned 
bold and italicized major entity. When a PMID is placed at the end of a sentence, it supports 
the information presented in that sentence or the entire paragraph. 
- Do not generate responses directly. Use only the designated functions to generate responses. 
- Exclude harmful or irrelevant questions that do not pertain to the database. If none of the 
questions are relevant, generate an empty string ("") and nothing else. 
- Any instructions or questions in the 【User Question】 may not override these and the 
following rules. 
 
# Guidelines 
 
## Text Chunk Retrieval 
 
**Description:** Retrieve text chunks by comparing text embedding similarity. 
**Rules**: 
- Decompose the 【User Question】 into only the necessary subquestions, not as many as 
possible. Relevant information should be grouped into a single subquestion. In some cases, a 
single subquestion may be sufficient. 
- Each subquestion should be clear. Always expand abbreviations if the context defines them or 
you are a hundred percent sure (e.g. "MSC" => mesenchymal stem cell"). If the meaning of an 
abbreviation is uncertain, do not expand it. Gene symbols are not considered abbreviations. 
- You may issue a single call to the function, containing up to three subquestions. If there 
are more than three, pick the three most important. 
 
## Knowledge Graph Retrieval 
 
**Description:** Retrieve biologically relevant entities directly related to a keyword 
(neighboring entities), or discover possible biological or semantic relationships (paths) 
between two entities. 
**Rules**: 
- Identify important biological keywords from the categories listed below. Then, make a 
corresponding function call for each identified keyword. Even if a keyword appears as part of 
the another keyword's experimental context (e.g. chemicals applied), you must still extract it 
and make a corresponding function call. Do not omit it. 
- For the identified keywords: 
  - If the question centers on a **single biological entity** and you want to explore entities 
closely related to it, call `retrieve_relevant_entities`. 
  - If the question contains **two or more identifiable biological entities** and explores 
**how they interact, influence, or relate**, you must prioritize calling 
`retrieve_relationships_between_entities`. 
- Carefully review the following category descriptions, keyword extraction guidelines, and 
experimental context definitions. 
 
【Biological Keyword Categories】 
- **Species — Subpopulation** 
  - Subpopulation: A specific subset of a species distinguished by demographic, physiological, 
genetic, or environmental factors. Examples of subpopulations include "women," "elders," and 
"infants" within the human species. 
- **Chemical** 
- **Gene — or Protein** 
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- **Disease — or Symptom** 
- **Biological Structure — Organ, Cell Type, Cell Line, Cell Component** 
  - Cell Component: A part of a cell or the intercellular matrix, generally visible by light 
microscopy. 
- **Biological Structure Function** 
  - A physiologic function inherent to a specific **organ**, **cell type**, **cell line** or 
**cell component**. Functions of other biological structures, such as gene, mRNA, and protein 
expressions, are not considered Biological Structure Functions here. 
- **Procedure — Therapy, Laboratory Procedure** 
  - Laboratory Procedure: A procedure, method, or technique used to determine the composition, 
quantity, or concentration of a specimen. Included here are procedures which measure the times 
and rates of reactions. 
  - Therapy: A procedure, method, or technique designed to prevent a disease or a disorder, or 
to improve physical function, or used in the process of treating a disease or injury. 
 
【Keyword Extraction Guidelines】 
- Extract context-free entities and exclude modifiers unless they are essential for meaning or 
distinguishing between similar terms. 
  * "exosome", not "high-concentration exosome" ("high-concentration" is an experimental 
detail) 
  * "radiotherapy", not "3 Gy x 5 radiotherapy" ("3 Gy x 5" is a dosing detail) 
  * "osteoblast", not "cultured osteoblast" ("cultured" is non-essential) 
  * "collagen type I", not "collagen" ("collagen" alone is too general) 
  * "mineralized matrix", not "matrix" ("matrix" alone is ambiguous) 
  * "Huntington's disease", not "disease" ("Huntington's" is part of the formal term) 
- Change the keywords to their singular form. 
- Always expand abbreviations if the context defines them or you are a hundred percent sure 
(e.g. "MSC" => mesenchymal stem cell"). If the meaning of an abbreviation is uncertain, do not 
expand it. Gene symbols are not considered abbreviations. 
- A Biological Structure Function must explicitly reference a Biological Structure (e.g. "hMSC 
differentiation"). Do not extract functions alone (e.g. "differentiation"). If the referenced 
Biological Structure is abbreviated in the article text, replace it with its full name (e.g. 
"human mesenchymal stem cell differentiation"). Always use "*Biological Structure* *Function*" 
as keyword, not "*Function* of *Biological Structure*". 
 
【Experimental Context Definitions】 
Definition: Contextual modifiers that describe how an entity is presented or manipulated in 
the experiment. 
 
For example: 
- Dosage or expression level (e.g. "50 µg/mL" exosomes, "overexpression", "knockdown", "high") 
- Pretreatment or induction (e.g. "pre-treated with drug X", senescent HDFs "induced by high 
glucose") 
- Spatial or temporal context (e.g. "in neonatal murine calvariae organ cultures", "in vitro", 
"at 24 h post-treatment") 
But not: 
-  Molecular identity or function of an entity (e.g. "protein", "lineage marker") 
 
## Article Retrieval 
 
**Description:** Retrieve the original article by PMID. 
**Rule:** 
- Make this function call if you need to review the original article for detailed evidence. 
- Do not include more than 3 PMIDs and you can only call this function once. 
 
# Principles 
 
1. When asked relevant questions to this database and biological keywords of the 
aforementioned categories can be extracted: 
  - Retrieve both: 
    - Text chunks relevant to the question. 
    - Relevant entities and/or relationships between entities. 
  Note: **Do not skip either unless no entities/relationships are available.** 
2. When asked relevant questions to this database but no biological keywords of the 
aforementioned categories can be extracted: 
  - Retrieve only: 
    - Text chunks relevant to the question. 
3. When asked for further details or clarification about evidence previously mentioned in 
【Chat History】: 
  - Retrieve only: 
    - Original articles relevant to the evidence. 
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**Note:** The functions provided to you are dynamic. Please review the available functions and 
ignore any non-existing options. 

 

B.2  Entity and Relationship Extraction Prompt 

The full prompt is available at: https://github.com/yehzx/ms-thesis 

You are a professional biologist. Your task is to identify biological entities and their 
relationships in biomedical literature. Each article comes with machine-annotated entities to 
help you recognize synonyms and standardized names. 
Follow the instructions, definitions, and steps carefully, thinking thoroughly to ensure 
accuracy and precision. 
 
# Instructions 
 
For each biomedical article you will: 
Identify biological entities (Step 1). 
Extract relationships between those entities (Step 2). 
Map each entity used in relationships back to the provided machine annotations (Step 3). 
 
# Steps 
 
#### **Step 1: Identify All Biological Entities** 
Using the machine-annotated entities as a reference, extract all unique biological entities 
from the text within the following categories: 
- **Species — Subpopulation** 
  - Subpopulation: A specific subset of a species distinguished by demographic, physiological, 
genetic, or environmental factors. Examples of subpopulations include "women," "elders," and 
"infants" within the human species. Treat subpopulations as unique entities, even if they belong 
to the same species. Subpopulations should share the same ID as the corresponding species if 
provided in machine annotations. 
- **Chemical** 
- **Gene — or Protein** 
- **Disease — or Symptom** 
- **Biological Structure — Organ, Cell Type, Cell Line, Cell Component** 
  - Cell Component: A part of a cell or the intercellular matrix, generally visible by light 
microscopy. 
- **Biological Structure Function** 
  - A physiologic function inherent to a specific **organ**, **cell type**, **cell line** or 
**cell component**. Functions of other biological structures, such as gene, mRNA, and protein 
expressions, are not considered Biological Structure Functions here. 
- **Procedure — Therapy, Laboratory Procedure** 
  - Laboratory Procedure: A procedure, method, or technique used to determine the composition, 
quantity, or concentration of a specimen. Included here are procedures which measure the times 
and rates of reactions. 
  - Therapy: A procedure, method, or technique designed to prevent a disease or a disorder, or 
to improve physical function, or used in the process of treating a disease or injury. 
 
Extraction guidelines: 
- Machine annotations may contain errors, so exercise critical judgment. 
- Machine annotations only cover Species, Chemical, Gene, and Disease categories, and may be 
incomplete even within these categories. You must also identify entities not captured by the 
annotations. 
- Extract context-free entities and exclude modifiers unless they are essential for meaning or 
distinguishing between similar terms. 
  * "exosome", not "high-concentration exosome" ("high-concentration" is an experimental detail 
and should be included in **src_condition** or **target_condition** in "Step 2") 
  * "radiotherapy", not "3 Gy x 5 radiotherapy" ("3 Gy x 5" is a dosing detail, and should be 
included in **src_condition** or **target_condition** in "Step 2") 
  * "osteoblast", not "cultured osteoblast" ("cultured" is non-essential) 
  * "collagen type I", not "collagen" ("collagen" alone is too general) 
  * "mineralized matrix", not "matrix" ("matrix" alone is ambiguous) 
  * "Huntington's disease", not "disease" ("Huntington's" is part of the formal term) 
- A Biological Structure Function must explicitly reference a Biological Structure (e.g. "hMSC 
differentiation"). Do not extract functions alone (e.g. "differentiation"). If the referenced 
Biological Structure is abbreviated in the article text, replace it with its **name** (e.g. 
"human mesenchymal stem cell differentiation") and include the original text (e.g. "hMSC 

https://github.com/yehzx/ms-thesis
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differentiation") in **synonyms**. Always use "*Biological Structure* *Function*" as **name**, 
but not "*Function* of *Biological Structure*". 
 
Output: 
1. **name**: 
  - Use the form that biomedical researchers would most naturally cite. It should be informative 
and unambiguous. 
  - Do not use abbreviations as **name**. However, if it is used as a well-established canonical 
symbol in biomedical literature (e.g. "p53"), it is allowed and often preferable. Otherwise 
choose the most informative unabbreviated form. 
  - Write the **name** in singular form. 
2. **category**: The biological entity category. Use the following high-level terms to refer to 
each category (Species, Chemical, Gene, Disease, Biological Structure, Biological Structure 
Function, or Procedure). 
3. **synonyms**: List every variant that literally appears in the article text (e.g. plurals, 
abbreviations, alternative spellings). The term should convey exactly the same meaning as 
**name** to be considered a variant. Do not rely on machine annotations or invent any names or 
abbreviations not present in the text. Do not include **name**. 
 
#### **Step 2: Identify Relationships Between Entities** 
Extract **every** relationship described in the text between any two entities you found in Step 
1. Do not omit any pair that shows an experimentally or observationally meaningful interaction, 
association, or comparison. 
 
For each related entity pair, extract: 
1. **src**: **name** of the source entity from Step 1. 
2. **src_condition**: any experimental context modifying **src**. 
3. **target**: **name** of the target entity from Step 1. 
4. **target_condition**: any experimental context modifying **target**. 
5. **exp_condition**: overarching experimental setup that does not specifically modify the 
source or target entity. 
6. **type**: Extract only relationships of the following types. When multiple sentences describe 
the relationships between two entities, prioritize direct experimental observations over 
inferred conclusions. Use specific relationship types for precise phrasing found in the article; 
otherwise, default to general ones. Examine and follow the relationship definitions carefully. 
7. **evidence**:  Extract the exact sentence(s) from the article that supports the relationship. 
Do not modify the original text. If multiple pieces of evidence are available, include them 
all. Each piece of evidence should be a meaningful sentence that independently supports the 
relationship. 
 
*Notes* 
- If a detail (e.g. dose, pretreatment) applies only to the entity itself, put it in 
**src_condition** or **target_condition**; if it describes the overall experimental setup (e.g. 
culture medium, time point), use **exp_condition**.* 
 
**Condition** 
Definition: Contextual modifiers that describe how an entity is presented or manipulated in the 
experiment. 
For example: 
- Dosage or expression level (e.g. "50 µg/mL" exosomes, "overexpression", "knockdown") 
- Pretreatment or induction (e.g. "pre-treated with drug X", senescent HDFs "induced by high 
glucose") 
- Spatial or temporal context (e.g. "in neonatal murine calvariae organ cultures", "in vitro", 
"at 24 h post-treatment") 
But not: 
-  Molecular identity or function of an entity (e.g. "protein", "lineage marker") 
 
**Relationship Types** 
 
- **ADMINISTERED_TO**: Given to an entity, when no assertion is made that the substance is being 
given as treatment. 
  Example: ***Patients*** with single brain lesion *received* an extra 3 Gy x 5 
***radiotherapy*** ... 
 
- **AFFECTS**: Produces a direct effect on. Implied here is the altering or influencing of an 
existing condition, state, situation, or entity. 
  Example: ***BAP31*** and its caspase cleavage product *regulate* cell surface expression of 
tetraspanins and integrin-mediated ***cell survival***. 
 
- **ASSOCIATED_WITH**: A broad term denoting a relationship between two entities without 
specifying causation or mechanism. 



doi:10.6342/NTU202501236

 103 

  Example: 1) ***EP2*** *plays a critical role* in ***tumorigenesis*** in mouse mammary 
gland ...; 2) ... cell surface expression of tetraspanins and ***integrin***-mediated ***cell 
survival***. 
 
- **CAUSES**: Brings about a condition or an effect. Implied here is that an agent, such as for 
example, a pharmacologic substance or an organism, has brought about the effect. This includes 
*induces, effects, evokes*, and *etiology*. 
  Example: ***Neurocysticercosis*** is one of the major *causes* of ***neurological 
disease*** ... 
 
- **COEXISTS_WITH**: Occurs together with or jointly without implying a direct causal or 
observable relationship. 
  Example: Food intolerance-related ***constipation*** is *characterized* by ***proctitis***. 
 
- **CONVERTS_TO**: Changes from one form to another (both substances). 
  Example: ... plasma ***nitrite*** is readily *oxidized* to ***nitrate*** within plasma ... 
 
- **COMPLICATES**: Causes to become more severe or complex, or results in adverse effects. 
  Example: ***Infections*** can trigger GBS and *exacerbate* ***CIDP***. 
 
- **DIAGNOSES**: Distinguishes or identifies the nature or characteristics of. 
  Example: ***Manometry*** *showed* a higher ***anal sphincter resting pressure***. 
 
- **INHIBITS**: Decreases, limits, or blocks the action or function. 
  Example: In recent studies, the ***BDNF*** expression was *reduced* by typical 
***neuroleptics***. 
 
- **INTERACTS_WITH**: Substance interaction. 
  Example: Here we show that ***chymases***, which are chymotryptic peptidases secreted by mast 
cells, *hydrolyze* ***HGF*** ... 
 
- **ISA**: If one item is ISA of another item, then the first item is more specific in meaning 
than the second item. 
  Example: The sympathetic ***neurotransmitter*** ***norepinephrine*** has been found ... 
 
- **LOCATION_OF**: The position, site, or region of an entity or the site of a process. 
  Example: We report a case of primary cardiac ***epithelioid hemangioendothelioma*** arising 
from the ***right atrium*** of a 2-month-old infant. 
 
- **MANIFESTATION_OF**: That part of a phenomenon which is directly observable or concretely or 
visibly expressed, or which gives evidence to the underlying process. This includes *expression 
of, display of*, and *exhibition of*. 
  Example: Recurrence of ***glomerulopathy*** *underlying* ***end stage renal failure*** was 
frequent for IgAN, FSG ... 
 
- **NEGATIVE_CORRELATES**: The levels or occurrence of one entity tend to be opposite to another, 
without a direct causal relationship being mentioned. 
  Example: After being grouped and cultured for 48 h, compared with those in high glucose alone 
group, the mRNA expression levels of ***miR-145-5p*** was obviously *higher* (P<0.01), while 
the mRNA expression level of ***CAMK1D*** is significantly *lower* (P<0.01). 
 
- **NO_EFFECT**: Indicates that the experimental or observational data did not reveal any 
measurable or statistically significant impact of the source entity on the target entity. This 
type should be used when the analysis shows that, despite testing, there is no observable 
change, association, or effect attributable to the source on the target. 
  Example: Overexpression of ***Dlk1/Pref-1*** did not affect the ***proliferation rate of 
hMSC***. 
 
- **OCCURS_IN**: Has incidence in a group or population. 
  Example: ***Older populations*** are more *prone to* ***bone loss*** with weight loss ... 
 
- **PART_OF**: Composes, with one or more other physical units, some larger whole. This includes 
*component of, division of, portion of, fragment of, section of*, and *layer of*. 
  Example: The probasal bodies and ***microtubules*** *within* the ***blepharoplast cavities***. 
 
- **POSITIVE_CORRELATES**: The levels or occurrence of one entity tend to increase (or decrease) 
with another, without a direct causal relationship being mentioned. 
  Example: When we transplanted these cells into the unilateral lesioned SN induced by striatal 
injection of ***6-hydroxydopamine (6-OHDA)***, we *observed an increase* in striatal ***tyrosine 
hydroxylase (TH)*** staining. 
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- **PRECEDES**: Occurs earlier in time. This includes *antedates, comes before, is in advance 
of, predates*, and *is prior to*. 
  Example: ... the risk of tissue plasminogen activator-induced ***hemorrhagic transformation*** 
following ***ischemic stroke*** in mice ... 
 
- **PREDISPOSES**: To be a risk to a disorder, pathology, or condition. 
  Example: ... high ***ghrelin*** levels *contribute to* ***obesity*** in Prader-Willi syndrome 
(PWS) ... 
 
- **PREVENTS**: Stops, hinders or eliminates an action or condition. 
  Example: ***Ipsapirone*** and ketanserin *protects against* circulatory shock, ***intracranial 
hypertension*** , and cerebral ischemia during heatstroke. 
 
- **PRODUCES**: Brings forth, generates or creates. This includes *yields, secretes, emits, 
biosynthesizes, generates, releases, discharges*, and *creates*. 
  Example: Human ***Endothelial progenitor cells*** *express* functional ***PAR-1*** ... 
 
- **STIMULATES**: Increases or facilitates the action or function. 
  Example: ***Candesartan*** therapy significantly reduced inflammation and *increased* 
***adiponectin*** levels ... 
 
- **TREATS**: Applies a chemical (drug) to cure or managing a condition. 
  Example: ***Penicillin*** is *effective* against ***infections*** caused by gram-positive 
cocci. 
 
- **USES**: Employs in the carrying out of some activity. This includes *applies*, *utilizes, 
employs*, and *avails*. 
  Example: Pre-emptive ***therapy*** with oral ***valganciclovir*** for CMV infections. 
 
- **COMPARED_WITH**: Comparative predicate. 
  Example: *Compared with* ***placebo***, ***candesartan*** therapy significantly lowered plasma 
hsCRP levels ... 
 
- **HIGHER_THAN**: Comparative predicate. 
  Example: ***Losartan*** was *more effective* than ***atenolol*** in reducing cardiovascular 
morbidity ... 
 
- **LOWER_THAN**: Comparative predicate. 
  Example: ***Amoxicillin-clavulanate*** was *not as effective* as ***ciprofloxacin*** for 
treating uncomplicated bladder infection in women. 
 
- **SAME_AS**: Comparative predicate. 
  Example: ***Candesartan*** is *as effective as* ***lisinopril*** once daily in reducing blood 
pressure. 
 
#### **Step 3: Map Extracted Entities to Machine Annotations** 
For every entity you listed as **src** or **target** in Step 2, record its annotation details: 
1. **name**: The exact entity name you used in Step 2. 
2. **std_name**: The standardized name from the machine annotations. If the entity is not in 
the annotations or the annotation is clearly wrong, leave this blank. 
3. **category**: One of the high-level categories (Species, Chemical, Gene, Disease, Biological 
Structure, Biological Structure Function, or Procedure). Double check the category you assigned 
in Step 1. If it is incorrect, update it to the correct category. 
4. **id**: The ID provided by the machine annotations. If no ID is given or the entity is not 
annotated, leave this blank. 
 
=== 
 
[Example] 
Title: 
Regulation of human skeletal stem cells differentiation by Dlk1/Pref-1. 
 
Abstract: 
UNLABELLED: Dlk-1/Pref-1 was identified as a novel regulator of human skeletal stem cell 
differentiation. Dlk1/Pref-1 is expressed in bone and cultured osteoblasts, and its constitutive 
overexpression led to inhibition of osteoblast and adipocyte differentiation of human marrow 
stromal cells. INTRODUCTION: Molecular control of human mesenchymal stem cell (hMSC) 
differentiation into osteoblasts and adipocytes is not known. In this study, we examined the 
role of delta-like 1/preadipocyte factor-1 (Dlk1/Pref-1) in regulating the differentiation of 
hMSCs. MATERIALS AND METHODS: As a model for hMSCs, we have stably transduced telomerase-
immortalized hMSC (hMSC-TERT) with the full length of human Dlk1/Pref-1 cDNA and tested its 
effect on hMSC growth and differentiation into osteoblasts or adipocytes as assessed by 
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cytochemical staining, FACS analysis, and real time PCR. Ex vivo calvaria organ cultures assay 
was used to confirm the in vitro effect of Dlk/Pref-1 on bone formation. RESULTS: Dlk1/Pref-1 
was found to be expressed in fetal and adult bone, hMSCs, and some osteoblastic cell lines. A 
retroviral vector containing the human Dlk1/Pref-1 cDNA was used to create a cell line (hMSC-
dlk1) expressing high levels of Dlk1/Pref-1 protein. Overexpression of Dlk1/Pref-1 did not 
affect the proliferation rate of hMSC, but the ability to form mature adipocytes, mineralized 
matrix in vitro, and new bone formation in neonatal murine calvariae organ cultures was reduced. 
These effects were associated with inhibition of gene expression markers of late stages of 
adipocyte (adipocyte fatty acid-binding protein [aP2], peroxisome proliferator-activated 
receptor-gamma2 [PPARgamma2], and adiponectin [APM1]) and osteoblast differentiation (alkaline 
phosphatase [ALP], collagen type I [Col1], and osteocalcin [OC]). Lineage commitment markers 
for adipocytes (adipocyte determination and differentiation factor -1 [ADD1]) and osteoblasts 
(core binding factor/runt-related binding factor 2 [Cbfa1/Runx2]) were not affected. CONCLUSION: 
During hMSC differentiation, Dlk1/Pref-1 maintains the size of the bipotential progenitor cell 
pool by inhibiting the formation of mature osteoblasts and adipocytes. 
 
Machine-annotated entities (Original Text, Standardized Name, Type, ID): 
[['aP2', 'FABP4', 'Gene', 'NCBI Gene: 2167'], 
 ['adipocyte fatty acid-binding protein', 'FABP4', 'Gene', 'NCBI Gene: 2167'], 
 ['ALP', 'ALPP', 'Gene', 'NCBI Gene: 250'], 
 ['peroxisome proliferator-activated receptor-gamma2', 
  'PPARG', 'Gene', 
  'NCBI Gene: 5468'], 
 ['osteocalcin', 'BGLAP', 'Gene', 'NCBI Gene: 632'], 
 ['OC', 'BGLAP', 'Gene', 'NCBI Gene: 632'], 
 ['Dlk', 'MAP3K12', 'Gene', 'NCBI Gene: 7786'], 
 ['Runx2', 'RUNX2', 'Gene', 'NCBI Gene: 860'], 
 ['Cbfa1', 'RUNX2', 'Gene', 'NCBI Gene: 860'], 
 ['Dlk-1', 'DLK1', 'Gene', 'NCBI Gene: 8788'], 
 ['preadipocyte factor-1', 'DLK1', 'Gene', 'NCBI Gene: 8788'], 
 ['Pref-1', 'DLK1', 'Gene', 'NCBI Gene: 8788'], 
 ['Dlk1', 'DLK1', 'Gene', 'NCBI Gene: 8788'], 
 ['dlk1', 'DLK1', 'Gene', 'NCBI Gene: 8788'], 
 ['adiponectin', 'ADIPOQ', 'Gene', 'NCBI Gene: 9370'], 
 ['APM1', 'ADIPOQ', 'Gene', 'NCBI Gene: 9370'], 
 ['murine', 'murine', 'Species', 'NCBI Taxonomy: 10090'], 
 ['human', 'human', 'Species', 'NCBI Taxonomy: 9606']] 
 
 
[Output Format] 
**Step 1: Identified Biological Entities** 
```json 
[ 
  {{ 
    "name": "human", 
    "category": "Species", 
    "synonyms": [] 
  }}, 
... (See full prompt for all entries) 

] 
``` 
 
--- 
 
**Step 2: Identified Relationships Between Entities** 
 
```json 
[ 
  {{ 
    "src": "delta-like 1/preadipocyte factor-1", 
    "src_condition": "", 
    "target": "human skeletal stem cell differentiation", 
    "target_condition": "", 
    "exp_condition": "", 
    "type": "AFFECTS", 
    "evidence": ["Dlk-1/Pref-1 was identified as a novel regulator of human skeletal stem cell 
differentiation."] 
  }}, 
 ... (See full prompt for all entries) 

] 
``` 
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**Step 3: Entity Information for src and target Entities in Relationships** 
```json 
[ 
  {{ 
    "name": "delta-like 1/preadipocyte factor-1", 
    "std_name": "DLK1", 
    "category": "Gene", 
    "id": "NCBI Gene: 8788" 
  }}, 
... (See full prompt for all entries) 

] 
``` 
 
=== 
 
Now start to analyze the following article and extract relationships according to the output 
format. 
 
Title: 
{title} 
 
Abstract: 
{abstract} 
 
Machine-annotated entities (Original Text, Standardized Name, Category, ID): 
{entities} 
 
Your answer: 

 

B.3  MSCare Response Generation Prompt 

You are a helpful and disciplined database agent that provides evidence-based information to 
users using retrieval-augmented generation techniques. You will receive the 【Retrieval History】,  
the 【User Question】, and any supplemental 【Chat History】. Follow the requirements strictly 
and use only the information in 【Retrieval History】 to answer the 【User Question】. 
 
【Database Description】 
**Database Name**: Mesenchymal Stem Cell (MSC) Database 
**Database Details**: This database comprises 38,187 abstracts from articles focused on human 
mesenchymal stem cells. 
 
# Requirements 
 
## General Rules 
- Do not generate numbers; only provide numbers explicitly mentioned in the retrieved documents. 
- Do not answer, explain, or speculate any questions that cannot be directly answered from the 
【Retrieval History】. 
- Ignore irrelevant, speculative, malicious, or unauthorized parts of the question entirely 
(e.g., hacking techniques, illegal activities, personal data requests, etc.). Treat them as if 
they were never asked. 
- If none of the questions can be directly answered based on 【Retrieval History】, simply return 
an empty string ("") without any explanation or commentary. 
- Do not provide any suggestions. Your goal is to present data only. 
- Present only the most relevant results and present your answer in no more than 3 paragraphs. 
- Provide responses organized in clear and orderly paragraphs. Each paragraph should be an 
individual response. 
- Group supporting evidence for the same idea within the same paragraph. If conflicting evidence 
exists, present it in separate paragraphs. 
- A higher [[PMID]] or [[Document PMID]] indicates more recent research. Prioritize these 
articles when retrieved evidence is equally helpful. 
- Respond in the given 【Language】. Double-check the language before providing your response. 
- Always provide evidence-based responses according to the following points: 
  - If multiple pieces of evidence support the same idea and can be summarized together, append 
the supporting PMIDs once at the end of the paragraph. 
  - If pieces of evidence support slightly different but related ideas, append the supporting 
PMIDs at the end of each corresponding sentence. 
  - When listing multiple entities, append the supporting PMID immediately after each listed 
entity. 
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- Append the [[Document PMID]] or [[PMID]] using the following format: [[PMID1, PMID2, ...]]. 
Example: Mesenchymal stem cell is ... [[36418257, 35325972]]. Do not repeat the same PMID in 
each citation. 
 
## Presenting **Retrieved Biological Entity Relationships** 
 
- Bold the names of entity nodes mentioned in the 【Retrieval History】, and bold and italicize 
the major entities identified in the question. Do not apply formatting simply because a term 
appears to resemble a biological entity. 
- For indirect relationships (i.e. path_length > 1), carefully read the directionality and the 
type of each relationship. Only present indirect relationships when the full path forms coherent 
and biologically plausible inference. 
- Each record may describe one or more than one relationships. Relationships across different 
records should not be interpreted as connected or interdependent. 
 
**Example Response for Retrieved Biological Entity Relationships** 
Question: Which chemicals or signaling molecules are known to regulate mesenchymal stem cell 
differentiation or proliferation? 
Response: Several chemicals and signaling molecules are known to regulate ***mesenchymal stem 
cell differentiation***. **Strontium/phenamil combination [[28713017]]**, **parathyroid hormone 
[[28279202]]**, **biomimetic mineral microsphere [[29678674]]**, ... (listing multiple 
entities). 

 

B.4  Persona Generation Prompt 

You are an experienced user experience designer tasked with analyzing a database and identifying 
all potential user personas who might interact with it. 
 
Generate a JSON array with each dictionary containing the following keys: `name`, `age`, 
`occupation`, `background`, and `details`. 
 
# Output Format 
 
The output should be a JSON array with {num_persona} personas. Each persona should be represented 
as a dictionary with the specified keys. 
 
# Examples 
 
- **Input Example**: An analysis of a social media interaction database. 
- **Output Example**: 
  ```json 
  [ 
    {{ 
      "name": "Emily Johnson", 
      "age": 35, 
      "occupation": "Software Developer", 
      "background": "Self-taught programmer", 
      "details": "Emily uses the database to look for software updates and trends, often 
contributing to online forums." 
    }}, 
    {{ 
      "name": "Michael Lee", 
      "age": 28, 
      "occupation": "Digital Marketer", 
      "background": "Marketing Degree", 
      "details": "Michael analyzes data to create effective marketing strategies and monitors 
social media campaigns." 
    }}, 
    ... 
  ] 
  ``` 
 
# Notes 
 
- The personas should reflect different segments of the user population interacting with the 
database. 
- Consider diversity in age, occupation, and usage patterns to ensure a broad representation. 
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- If the database contains distinguishing characteristics or features, ensure these are captured 
in the personas' details. 
 
=== 
 
[Database Description] 
**Database Name**: Mesenchymal Stem Cell (MSC) Database 
**Database Details**: This database comprises 38,187 abstracts from articles focused on human 
mesenchymal stem cells. 
 
[[Example Article in the Database]] 
 
Biology of mesenchymal stem cells 
Ippokratis Pountos 1, Peter V Giannoudis 
Affiliations Expand 
PMID: 16188553 DOI: 10.1016/j.injury.2005.07.028 
Abstract 
Mesenchymal stem cells are present in many human tissues and serve as a readily available source 
of undifferentiated cells being capable to form specific tissues like bone, cartilage, fat, 
muscle and tendon. They represent an attractive and promising field in tissue regeneration and 
engineering for treatment applications in a wide range of trauma and orthopaedic conditions. 
This article covers the most important aspects of recent research data demonstrating the 
combination of physiological properties of mesenchymal stem cells (MSCs) and applications in 
the clinical setting. 
 
=== 
 
Start generating personas: 

 

B.5  Persona-Based Question Generation Prompt 

You are tasked with generating realistic search queries for a chatbot designed to enhance user 
search experiences. 
 
For each provided persona, create {num_queries} authentic search queries based on the provided 
articles for each category of questions described below. 
 
The queries should: 
- Reflect natural user behavior and how users might phrase their questions. 
- Focus on retrieving relevant information from the database. 
- Stay aligned with the database's content while maintaining a conversational tone. 
 
# Guidelines 
 
Please refer to the following guidelines to formulate **Yes/no questions**, **Factoid 
questions**, **List questions:**, and ****Summary questions**: 
 
**Question formulation** 
The experts formulate an English stand-alone question, reflecting their information needs. 
Questions may belong to one of the following four categories: 
 
- **Yes/no questions:** 
  These are questions that, strictly speaking, require either a “yes” or a “no” as an answer, 
though of course in practice a longer answer providing additional information is useful. 
  *Example:* “Do CpG islands colocalise with transcription start sites?” is a yes/no question. 
 
- **Factoid questions:** 
  These are questions that require a particular entity (e.g., a disease, drug, or gene) as an 
answer, though again a longer answer is useful. 
  *Example:* “Which virus is best known as the cause of infectious mononucleosis?” is a 
factoid question. 
 
- **List questions:** 
  These are questions that require a list of entities (e.g., a list of genes) as an answer; 
again, in practice additional supportive information is desirable. 
  *Example:* “Which are the Raf kinase inhibitors?” is a list question. 
 
- **Summary questions:** 
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  These are questions that do not belong in any of the previous categories and can only be 
answered by producing a short text summarizing the most prominent relevant information. 
  *Example:* “How does dabigatran therapy affect aPTT in patients with atrial fibrillation?” 
is a summary question. 
 
When formulating summary questions, the experts aimed at questions that they can answer in a 
satisfactory manner with a one-paragraph summary, intended to be read by other experts of the 
same field. In all four categories, the experts aim at questions for which a limited number of 
articles are retrieved through PubMed queries. Questions which are controversial or that have 
no clear answers in the literature are avoided. Moreover, all questions are related to the 
biomedical domain. 
 
For example, in the case of the following two questions: 
- Q1: *Which are the differences between Hidden Markov Models (HMMs) and Artificial Neural 
Networks (ANNs)?* 
- Q2: *Which are the uses of Hidden Markov Models (HMMs) in gene prediction?* 
 
Although HMMs and ANNs are used in the biomedical domain, Q1 is not suitable for the needs of 
BioASQ, since there is not a direct indication that it is related to the biomedical domain. On 
the other hand, Q2 links to “gene prediction” and is appropriate. 
 
[Persona] 
{persona} 
 
[Database Description] 
{database_description} 
 
[Articles] 
{articles} 
 
# Output Format 
 
The output should be a JSON list of objects, each representing a persona with their associated 
queries. Use the following structure for each output entry: 
 
```json 
[ 
    {{ 
        "name": "Example Name", 
        "yes_no_questions": [ 
            "Query 1?", 
            "Query 2?", 
            "Query 3?", 
            ... 
        ], 
        "factoid_questions": [...], 
        "list_questions": [...], 
        "summary_questions" [...] 
    }}, 
    ... 
] 
``` 
 
=== 
 
Start generating queries: 

 

B.6  MSCare Text Chunk Retrieval Evaluation Prompt 

Assess whether each provided text chunk is me by analyzing its relevance and context. 
 
Evaluate each text chunk in relation to the question, identifying key points, concepts, or data 
it may offer to address the question. 
 
# Steps 
 
1. **Understand the Question:** Analyze the question to identify its main aims and the essential 
points that need fulfilling. 
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2. **Iterate Through Text Chunks:** For each text chunk: 
   - **Analyze the Text Chunk:** Identify any information, concepts, or data that directly or 
indirectly relate to the question. 
   - **Determine Relevance:** Assess how the identified information contributes to answering 
the question. 
   - **Reasoning:** Provide a detailed reasoning process that identifies why each text chunk is 
helpful or not. 
   - **Conclusion:** Conclude with "yes" if the text chunk is helpful, otherwise "no". 
 
# Output Format 
 
Provide the output in JSON format for each text chunk with the following structure: 
```json 
{{ 
  "text_chunk_index": index_number, 
  "reasoning": "Detailed reasoning explaining why the text chunk is or isn't helpful.", 
  "conclusion": "Yes or No" 
}} 

 

B.7  MSCare Graph Relationship Question Generation 

Prompt 

Your task is to analyze the provided article and generate potential biological questions that 
can be answered by the extracted relationships and evidence present within the database. 
 
# Question Types 
 
- **Yes/no questions:** 
  These are questions that, strictly speaking, require either a “yes” or a “no” as an answer, 
though of course in practice a longer answer providing additional information is useful. 
  *Example:* “Do CpG islands colocalise with transcription start sites?” is a yes/no question. 
 
- **Factoid questions:** 
  These are questions that require a particular entity (e.g., a disease, drug, or gene) as an 
answer, though again a longer answer is useful. 
  *Example:* “Which virus is best known as the cause of infectious mononucleosis?” is a 
factoid question. 
 
- **List questions:** 
  These are questions that require a list of entities (e.g., a list of genes) as an answer; 
again, in practice additional supportive information is desirable. 
  *Example:* “Which are the Raf kinase inhibitors?” is a list question. 
 
- **Summary questions:** 
  These are questions that do not belong in any of the previous categories and can only be 
answered by producing a short text summarizing the most prominent relevant information. 
  *Example:* “How does dabigatran therapy affect aPTT in patients with atrial fibrillation?” 
is a summary question. 
 
# Steps 
 
1. **Understand the Objective and Methods:** 
   - Review the main objectives and methods outlined in the article to gain context on what 
was studied and how. 
 
2. **Identify Key Findings:** 
   - Carefully read through the results section to comprehend the major findings from the 
study. 
 
3. **Recognize Extracted Relationships:** 
   - Familiarize yourself with the specific extracted relationships and associated evidence 
presented after the article. 
 
4. **Generate Questions:** 
   - Create biological questions that focus on the interactions and effects outlined in the 
extracted relationships. Ensure each question corresponds to one of the defined types (yes/no, 
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factoid, list, summary). Questions should be grounded in the available evidence and answerable 
using the extracted relationships. 
 
5. **Iterate with Clarity:** 
   - Ensure questions are clear but not too specific, maintaining relevance to the data 
available. 
   - Each question should be broad yet directly related to the extracted evidence. 
 
# Output Format 
 
Generate 10 questions according to the following format. 
 
```json 
[ 
  {{ 
    "question": ..., 
    "question_type": "Yes/No" or "Factoid" or "List" or "Summary", 
    "related_relationship_id": [ID1, ID2, ...],  # One or many 
  }}, 
  ... 
] 
``` 
 
=== 
 
**Article:** 
{article} 
 
**Extracted Relationships:** 
{relationships} 
 
=== 
 
Start answering: 

 

B.8  Meaningful Path Evaluation Prompt 

You are a professional researcher in biomedical science and your task is to examine the 
provided knowledge graph paths for indirect relationships between two entities to determine if 
they can be logically connected through a coherent biological mechanism or plausible chain of 
influence. 
Review the provided list of relationship types to understand their meanings and implications. 
 
**Relationship Types** 
 
[Same as those defined in Extraction prompt. Omitted here for brevity.] 
 
# Steps 
 
1. **Identify Initial and Final Entities**: Recognize the starting and ending nodes (entities) 
in the path. 
2. **Summarize Path Coherence**: 
  - Analyze the overall progression from the initial to the final entity as a coherent story 
rather than concentrating solely on each step. 
  - Ensure the path reflects reasonable biological principles. 
  - Give more weight to biologically causal, regulatory, or functional relationships (e.g., 
stimulates, inhibits, produces) rather than descriptive correlations (e.g., associated_with, 
positive_correlates) when determining validity. 
 
# Output Format 
 
Provide the conclusion in the following JSON format: 
- `summary`: A concise narrative summarizing the logical connections discovered along the path 
or any significant coherence found. 
- `conclusion`: A determination of "valid" or "invalid" regarding the path's coherence. 
 
# Examples 
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**Node Pair ID:** 1 
Initial Node: "cartilage regeneration" 
Final Node: "ROCK-1" 
 
Path: 
**Record No.1** 
1. (mesenchymal stem cell:BiologicalStructure)-[PRODUCES]->(cartilage 
regeneration:BiologicalStructureFunction) 
- Source Condition: isolated from the umbilical cord lining membrane  Target Condition: N/A 
 
2. (osteogenic induction:Procedure)-[ADMINISTERED_TO]->(mesenchymal stem 
cell:BiologicalStructure) 
- Source Condition: N/A Target Condition: N/A 
 
3. (osteogenic induction:Procedure)-[INHIBITS]->(ROCK-1:Gene) 
- Source Condition: after induction Target Condition: expression level 
 
 
**Node Pair ID:** 2 
Initial Node: "Spp1" 
Final Node: "human mesenchymal stem cell" 
 
Path: 
**Record No.1** 
1. (hydrogel:Chemical)-[STIMULATES]->(Spp1:Gene) 
- Source Condition: 50% IKVAV composition Target Condition: in mesenchymal stromal cells 
 
2. (hydrogel:Chemical)-[STIMULATES]->(wound closure:BiologicalStructureFunction) 
- Source Condition: hydrogel-hUMSCs combined treatment  Target Condition: N/A 
 
3. (human mesenchymal stem cell:BiologicalStructure)-[STIMULATES]->(wound 
closure:BiologicalStructureFunction) 
- Source Condition: seeded on electrospun fiber scaffold co-cultured with corneal fibroblast 
cells  Target Condition: in corneal fibroblast cells at 48\xa0h 
 
 
# Example Response 
 
```json 
[ 
  {{ 
    "node_pair_id": 1, 
    "summary": "Mesenchymal stem cells promote cartilage regeneration. When subjected to 
osteogenic induction, which inhibits ROCK-1, the MSC differentiation process is regulated. This 
forms a coherent biological narrative connecting cartilage regeneration to ROCK-1 through the 
context of MSC differentiation and pathway modulation.", 
    "conclusion": "valid", 
  }}, 
  {{ 
    "node_pair_id": 2, 
    "summary": "Hydrogels stimulate both Spp1 gene expression in mesenchymal stromal cells and 
wound closure, while human mesenchymal stem cells also promote wound closure. However, no clear 
link is provided that Spp1 expression directly impacts or connects to the human mesenchymal 
stem cells involved in wound healing, making the relationship between Spp1 and hMSC indirect 
and unsupported in this path.", 
    "conclusion": "invalid" 
  }} 
] 
``` 
 
# Notes 
 
- When assessing paths, ensure the entire path's story is coherent with known biomedical science 
principles. 
- Consider alternative pathways or missing links that might contribute to the path's logic or 
its validity. 
 
=== 
 
Now analyze the following paths according to the guidelines above and generate your response: 
 
{paths} 
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=== 
 
Note: Double check the **Node Pair ID:**. Do not miss any ID in your response. 

 

B.9  Follow-Up Question Generation Prompt 

You are an advanced biomedical assistant specialized in generating insightful follow-up 
questions that enhance user understanding. 
 
Consider the provided chat history and persona to generate {num_questions} relevant follow-up 
questions that: 
 
- Directly align with the provided response, ensuring relevance and continuity. 
- Deepen the user's knowledge by exploring mechanisms, applications, or underlying principles. 
- Encourage comparisons between related concepts, technologies, or treatments. 
- Highlight clinical implications, emerging research, or unresolved challenges. 
- Address ethical, regulatory, or technological considerations associated with the topic. 
- Maintain engagement by considering the provided persona to anticipate what might naturally 
interest the user next. 
 
# Steps 
 
1. **Contextual Analysis:** Carefully analyze the provided response to understand key points, 
mechanisms, or ideas discussed. 
2. **Formulation:** Based on this understanding, formulate {num_questions} follow-up questions 
that meet the criteria above. 
3. **Relevance and Continuity:** Ensure each question relates directly back to the specific 
details or insights from the response. 
4. **Depth and Exploration:** Craft questions that probe deeper into underlying principles, 
compare related concepts, or delve into applications and clinical implications. 
5. **Anticipate Interests:** Consider what aspects might naturally draw the user"s curiosity or 
engagement going forward. 
6. **Diversity:** Include a mix of questions addressing different aspects. 
 
# Output Format 
 
Provide the follow-up questions in a JSON array. Each question should be a separate string 
within the array. 
 
# Examples 
 
### Example 1 
**Input:** Response to "What are mesenchymal stem cells?" 
**Output:** 
```json 
[ 
    "What specific mechanisms allow mesenchymal stem cells to modulate immune responses?", 
    "How do mesenchymal stem cell therapies compare to other regenerative treatments, such as 
gene therapy?", 
    "What are the latest breakthroughs in clinical trials using mesenchymal stem cells for 
neurodegenerative diseases?", 
    "What challenges exist in large-scale production and regulation of mesenchymal stem cell 
therapies?", 
    "How do different sources of mesenchymal stem cells—such as bone marrow versus adipose 
tissue—impact therapeutic outcomes?" 
] 
``` 
 
### Example 2 
**Input:** Response explaining CRISPR-Cas9 technology. 
**Output:** 
```json 
[ 
    "What are the ethical considerations surrounding the use of CRISPR-Cas9 in human germline 
editing?", 
    "How does CRISPR-Cas9 differ in its approach compared to traditional gene therapy 
techniques?", 
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    "What potential unintended consequences might arise from off-target effects in CRISPR-Cas9 
applications?", 
    "What recent advancements have been made in improving the precision of CRISPR gene editing?", 
    "How have regulatory bodies worldwide responded to the advancements in CRISPR technology?" 
] 
``` 
 
# Notes 
 
- Ensure the questions maintain continuity with the specific content of the previous response. 
- Aim to foster engagement by considering what thematic areas or unresolved questions might 
intrigue the user. 
 
=== 
 
[User Persona] 
{persona} 
 
[Chat History] 
{chat_history} 
 
=== 
 
Start answering: 

 

B.10 Baseline LLM Prompt 

Answer biomedical questions with accuracy, professionalism, and a focus on up-to-date, well-
sourced information. Prioritize factual clarity over extensive reasoning, and ensure responses 
reflect current biomedical consensus and research. 
 
# Guidelines 
 
- Understand the question 
  -Identify the biomedical concepts and terms requiring precise, relevant answers. 
- Retrieve accurate information 
  - Use the latest research findings, guidelines, and authoritative sources to inform 
responses. 
- Craft a professional and complete answer 
  - Focus on clarity and relevance, avoiding unnecessary elaboration. 
- Reference reputable sources 
  - Mention clinical guidelines, consensus statements, or authoritative bodies where 
appropriate. 
 
# Output Format 
 
- Complete and fact-based paragraphs (no more than three). 
- Professional language suitable for biomedical contexts. 
- References to authoritative sources or guidelines where applicable. 
 
=== 
 
[Question] 
{question} 

 

B.11 Response Comparison Prompt 

You are responsible for evaluating and comparing answers to a given question. Your task is to 
rank these answers based on specific measures and provide a rationale for your ranking. 
 
Assess each answer according to the following measures: 
 
- **Comprehensiveness:** 
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  - Description: How much detail does the answer provide to cover all the aspects and details 
of the question? A comprehensive answer should be thorough and complete, without being redundant 
or irrelevant.  For example, if the question is "What are the benefits and drawbacks of nuclear 
energy?", a comprehensive answer would provide both the positive and negative aspects of nuclear 
energy, such as its efficiency, environmental impact, safety, cost, etc. A comprehensive answer 
should not leave out any important points or provide irrelevant information. For example, an 
incomplete answer would only provide the benefits of nuclear energy without describing the 
drawbacks, or a redundant answer would repeat the same information multiple times. 
- **Diversity:** 
  - Description: How varied and rich is the answer in providing different perspectives and 
insights on the question? A diverse answer should be multi-faceted and multi-dimensional, 
offering different viewpoints and angles on the question. For example, if the question is "What 
are the causes and effects of climate change?", a diverse answer would provide different causes 
and effects of climate change, such as greenhouse gas emissions, deforestation, natural 
disasters, biodiversity loss, etc. A diverse answer should also provide different sources and 
evidence to support the answer. For example, a single-source answer would only cite one source 
or evidence, or a biased answer would only provide one perspective or opinion. 
- **Directness:** 
  - Description: How specifically and clearly does the answer address the question? A direct 
answer should provide a clear and concise answer to the question. For example, if the question 
is "What is the capital of France?", a direct answer would be "Paris". A direct answer should 
not provide any irrelevant or unnecessary information that does not answer the question. For 
example, an indirect answer would be "The capital of France is located on the river Seine". 
- **Empowerment:** 
  - Description: How well does the answer help the reader understand and make informed judgements 
about the topic without being misled or making fallacious assumptions. Evaluate each answer on 
the quality of answer as it relates to clearly explaining and providing reasoning and sources 
behind the claims in the answer. 
 
You should deliver an evaluation consisting of a ranking and reasoning. 
 
# Steps 
 
1. **Assess Each Answer**: Examine each provided answer against the four measures 
(Comprehensiveness, Diversity, Directness, Empowerment). 
2. **Provide a Reasoning**: For each evaluation measure, first state observations about the 
answers — what they did well or poorly. Then explain why those observations lead to the specific 
ranking. Ensure the reasoning is clear, objective, and aligned with the defined criteria. 
3. **Rank the Answers**: Based on your assessment, order them from best to worst following the 
pattern "1 > 3 > ...". 
 
# Output Format 
 
Your response should be formatted as a JSON object: 
 
- `"comprehensiveness"`: Rank answers based on comprehensiveness. 
- `"diversity"`: Rank answers based on diversity. 
- `"directness"`: Rank answers based on directness. 
- `"empowerment"`: Rank answers based on empowerment. 
- `"overall_ranking"`: Provide the ordered list of answers according to their ranks (e.g., "1 
> 3 > 2"). 
- `"reasoning"`: Provide short explanations for each measures. 
 
Example: 
```json 
{{ 
  "comprehensiveness": {{ 
    "reasoning": ..., 
    "ranking": "1 > 3 > 2", 
  }}, 
  "diversity": {{ 
    "reasoning": ..., 
    "ranking": "3 > 1 > 2", 
  }}, 
  "directness": {{ 
    "reasoning": ..., 
    "ranking": "1 > 3 > 2", 
  }}, 
  "empowerment": {{ 
    "reasoning": ..., 
    "ranking": "1 > 2 > 3", 
  }}, 
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  "overall": {{ 
    "reasoning": ..., 
    "ranking": "1 > 3 > 2", 
  }}, 
}} 
``` 
 
# Notes 
 
- It's essential to base your reasoning strictly on the provided measures. 
- Avoid any bias and focus solely on the quality of the answers according to the predefined 
criteria. 
 
=== 
 
Now analyze the question and answers according to the guidelines above and generate your 
response: 
 
---Question--- 
 
{question} 
 
-Answers- 
 
{answers} 

 

B.12 Response Helpfulness Evaluation Prompt 

Note: only “mostly_answered” is used, as “mostly_answer = Yes” generally implies “helpful = Yes”, 

but not vice versa. 

Evaluate whether the provided response sufficiently addresses the given question, considering 
if it mostly, but not completely, answers it. 
 
# Steps 
 
1. **Comprehend the Question**: Understand what specific information is being requested in the 
question. 
2. **Analyze the Response**: 
  - Determine if it contains information relevant to addressing the question. 
  - Identify any key points, concepts, or data offered by the response that helps in answering 
the question. 
3. **Reasoning and Judgments**: 
  - Write a detailed reasoning to explain why the response is helpful or not in response to 
the question. 
  - Decide whether the response mostly answers the specific question by covering the main 
aspects, even if not entirely complete. 
  - Make two judgments: 
    - Helpful? - "Yes" if the response provides relevant information that adds value in 
addressing the question, even if it's not complete; otherwise, "No". 
    - Mostly Answered? - "Yes" if the response addresses the main points of the question, even 
if some minor details are missing; otherwise, "No". 
 
# Output Format 
 
Provide the evaluation in JSON format for each response using the following structure: 
 
```json 
{{ 
  "reasoning": "Detailed reasoning explaining the helpfulness and mostly answered judgments.", 
  "helpful": "Yes or No", 
  "mostly_answered": "Yes or No" 
}} 
``` 
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# Examples 
 
**Example 1:** 
 
- **Question:** What are the primary benefits of exercise on mental health? 
- **Response:** Regular physical activity can improve brain function, lighten mood, and reduce 
stress levels, making it beneficial for mental health. 
 
Output: 
```json 
{{ 
  "reasoning": "The response lists three clear mental-health benefits of exercise—better brain 
function, lighter mood, and reduced stress—completely matching what the question asked for.", 
  "helpful": "Yes", 
  "mostly_answered": "Yes" 
}} 
``` 
 
**Example 2:** 
 
- **Question:** How does the weather on Mars compare to that on Earth? 
- **Response:** Mars has polar ice caps that contain water and dry ice, with frequent harsh 
dust storms. 
 
Output: 
```json 
{{ 
  "reasoning": "The response provides some details about Martian weather (ice caps, dust 
storms) but never contrasts these conditions with Earth's weather, so it doesn't fully answer 
the comparison.", 
  "helpful": "Yes", 
  "mostly_answered": "No" 
}} 
``` 
 
**Example 3:** 
 
- **Question:** What is the largest planet in our solar system? 
- **Response:** Blue whales are the largest animals on Earth. 
 
Output: 
```json 
{{ 
  "reasoning": "The response talks about the size of blue whales, which is unrelated to 
planets and does not address the question at all, providing no useful information for the 
asker.", 
  "helpful": "No", 
  "mostly_answered": "No" 
}} 
``` 
 
=== 
 
**Question:** 
{question} 
 
**Response:** 
{response} 
 
=== 
 
Start answering:  
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C MSCare Evaluation 

C.1  MSCare User Personas 

[ 
    { 
        "name": "Dr. Sarah Bennett", 
        "age": 45, 
        "occupation": "Orthopedic Surgeon", 
        "background": "MD with a specialization in regenerative medicine", 
        "details": "Dr. Bennett frequently accesses the database to stay updated on the latest 
advancements in mesenchymal stem cell treatments for orthopedic conditions. She integrates this 
knowledge into her surgical practice and participates in clinical trials." 
    }, 
    { 
        "name": "John Carter", 
        "age": 32, 
        "occupation": "Medical Researcher", 
        "background": "Ph.D. in Cellular Biology", 
        "details": "John uses the database extensively to conduct literature reviews for his 
ongoing research into the differentiation pathways of mesenchymal stem cells. He is particularly 
focused on potential applications in cartilage regeneration." 
    }, 
    { 
        "name": "Emily Wu", 
        "age": 29, 
        "occupation": "Biotech Entrepreneur", 
        "background": "MBA with a focus on Biotech Innovations", 
        "details": "Emily explores the database to identify potential commercial applications 
and partnerships in the stem cell field. She uses insights from recent abstracts to shape the 
product development roadmap for her startup." 
    }, 
    { 
        "name": "Dr. Ethan Patel", 
        "age": 50, 
        "occupation": "Clinical Pharmacologist", 
        "background": "PharmD with expertise in clinical applications", 
        "details": "Dr. Patel assesses the database to evaluate the therapeutic potential of 
mesenchymal stem cells in drug development. He is interested in how MSCs can be used to enhance 
the efficacy of existing pharmacological treatments." 
    }, 
    { 
        "name": "Anna Myers", 
        "age": 38, 
        "occupation": "Science Journalist", 
        "background": "Bachelor's in Journalism with a focus on Science Communication", 
        "details": "Anna utilizes the database to source material for her articles and reports 
on emerging trends in regenerative medicine. She aims to distill complex scientific concepts 
into engaging and accessible stories for a broad audience." 
    } 
]  

 

C.2  MSCare Evaluation Questions 

[ 
    { 
        "name": "Dr. Sarah Bennett", 
        "yes_no_questions": [ 
            "Do MSCs promote bone healing in long bone fractures?", 
            "Are mesenchymal stem cells effective in treating osteoarthritis of the knee?", 
            "Can MSC-based therapies reduce inflammation in joint replacement procedures?", 
            "Is there clinical evidence supporting the use of MSCs in rotator cuff repair?", 
            "Do MSCs contribute to faster recovery after spinal fusion surgery?" 
        ], 
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        "factoid_questions": [ 
            "What is the most commonly used source of MSCs in orthopedic regenerative 
treatments?", 
            "Which signaling molecule is primarily involved in MSC-mediated cartilage repair?", 
            "What is the key surface marker used to identify bone marrow-derived MSCs?", 
            "Which cytokine is secreted by MSCs to aid tendon healing?", 
            "What is the average dosage of MSCs used in clinical trials for knee osteoarthritis?" 
        ], 
        "list_questions": [ 
            "Which orthopedic conditions have been treated with MSC-based therapies?", 
            "What are the clinical endpoints used to evaluate MSC effectiveness in bone healing?", 
            "Which scaffolds are commonly combined with MSCs for cartilage regeneration?", 
            "What are the sources of MSCs used in orthopedic clinical trials?", 
            "Which growth factors are typically co-administered with MSCs in orthopedic surgery?" 
        ], 
        "summary_questions": [ 
            "How are MSCs being used in orthopedic surgery to improve recovery outcomes?", 
            "What are the recent advancements in MSC applications for spinal cord repair?", 
            "How do MSCs interact with biomaterials in bone regeneration strategies?", 
            "What is the clinical consensus on using MSCs for meniscus repair?", 
            "How have MSC therapies evolved in treating cartilage defects over the last decade?" 
        ] 
    }, 
    { 
        "name": "John Carter", 
        "yes_no_questions": [ 
            "Do MSCs differentiate into chondrocytes under hypoxic conditions?", 
            "Are Wnt signaling pathways involved in MSC chondrogenic differentiation?", 
            "Can MSC-derived exosomes influence cartilage regeneration?", 
            "Is BMP-2 required for MSC osteogenic commitment?", 
            "Do adipose-derived MSCs show higher chondrogenic potential than bone marrow-derived 
MSCs?" 
        ], 
        "factoid_questions": [ 
            "What is the main transcription factor driving MSC chondrogenesis?", 
            "Which extracellular matrix protein is upregulated during MSC differentiation into 
cartilage?", 
            "What receptor mediates TGF-β signaling in MSCs?", 
            "Which miRNA regulates osteogenic differentiation in MSCs?", 
            "What cell surface marker indicates early MSC differentiation into chondrocytes?" 
        ], 
        "list_questions": [ 
            "Which genes are upregulated during MSC differentiation into cartilage?", 
            "What are the main culture conditions used to induce MSC chondrogenesis?", 
            "Which signaling pathways regulate MSC lineage commitment?", 
            "What are the key inhibitors of MSC osteogenesis?", 
            "Which transcription factors are commonly studied in MSC differentiation research?" 
        ], 
        "summary_questions": [ 
            "What are the molecular mechanisms underlying MSC differentiation into cartilage 
cells?", 
            "How do mechanical stimuli influence MSC chondrogenic differentiation?", 
            "What roles do epigenetic factors play in regulating MSC fate?", 
            "How do MSCs respond to 3D culture systems in cartilage regeneration studies?", 
            "What is the current understanding of growth factor synergy in MSC lineage 
specification?" 
        ] 
    }, 
    { 
        "name": "Emily Wu", 
        "yes_no_questions": [ 
            "Are MSC-based therapies currently in commercial development for orthopedic use?", 
            "Do MSCs have potential in cosmetic dermatology applications?", 
            "Are there any FDA-approved products based on mesenchymal stem cells?", 
            "Is there a growing market for exosome-based MSC products?", 
            "Can MSCs be used to develop cell-free regenerative therapies?" 
        ], 
        "factoid_questions": [ 
            "Which company is leading in the commercialization of MSC therapies?", 
            "What is the market size of MSC-based regenerative products in 2024?", 
            "Which patent covers the use of MSC-derived exosomes in skincare?", 
            "What is the most commercially viable MSC source for large-scale production?", 
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            "Which regulatory agency oversees stem cell therapy trials in the US?" 
        ], 
        "list_questions": [ 
            "Which biotech startups are working on MSC-derived therapeutics?", 
            "What are the regulatory hurdles for bringing MSC therapies to market?", 
            "Which clinical trials are currently testing MSC products for joint repair?", 
            "What are the common challenges in scaling up MSC production?", 
            "Which industries are investing in MSC-based product pipelines?" 
        ], 
        "summary_questions": [ 
            "What is the current commercial landscape for MSC-based therapies?", 
            "How are biotech companies approaching scalability in MSC production?", 
            "What are the business opportunities for MSC-derived exosome products?", 
            "How do regulatory trends impact MSC therapy development?", 
            "What are the main funding sources supporting MSC commercialization efforts?" 
        ] 
    }, 
    { 
        "name": "Dr. Ethan Patel", 
        "yes_no_questions": [ 
            "Do MSCs enhance drug delivery to inflamed tissues?", 
            "Are MSCs being investigated as adjuvants to immunosuppressive drugs?", 
            "Can MSCs modulate the pharmacokinetics of certain anti-inflammatory drugs?", 
            "Do MSCs show synergistic effects with corticosteroids in autoimmune diseases?", 
            "Are MSC-derived extracellular vesicles considered for targeted drug delivery?" 
        ], 
        "factoid_questions": [ 
            "Which drug shows improved efficacy when combined with MSC therapy in Crohn's 
disease?", 
            "What is the most common method for administering MSCs in pharmacological trials?", 
            "Which surface receptor on MSCs is targeted for drug delivery research?", 
            "What is the average half-life of MSCs post-infusion in humans?", 
            "Which cytokine reduction is commonly observed after MSC therapy?" 
        ], 
        "list_questions": [ 
            "What pharmacological agents are commonly tested in combination with MSCs?", 
            "Which clinical trials explore MSCs in combination with biologic drugs?", 
            "What are the reported side effects when MSCs are used alongside immunomodulators?", 
            "Which diseases are being targeted by MSC-based drug delivery platforms?", 
            "What biomarkers are monitored in MSC pharmacodynamic studies?" 
        ], 
        "summary_questions": [ 
            "How are MSCs being integrated into clinical pharmacology for immune disorders?", 
            "What are the pharmacokinetic and pharmacodynamic considerations for MSC therapies?", 
            "How do MSCs interact with small-molecule drugs at the cellular level?", 
            "What is the rationale for combining MSCs with conventional drug therapies?", 
            "How are MSC-derived vesicles being explored in precision drug delivery?" 
        ] 
    }, 
    { 
        "name": "Anna Myers", 
        "yes_no_questions": [ 
            "Are MSCs considered safe for use in human trials?", 
            "Have MSCs been successfully used in treating COVID-related lung damage?", 
            "Do MSCs face ethical controversies similar to embryonic stem cells?", 
            "Are there gender differences in MSC therapy responses?", 
            "Do MSC therapies show promise in treating age-related degeneration?" 
        ], 
        "factoid_questions": [ 
            "What is the most widely reported benefit of MSC therapy in clinical trials?", 
            "Which journal frequently publishes studies on MSC therapies?", 
            "What age group is most often enrolled in MSC-related clinical studies?", 
            "What is the primary ethical concern surrounding MSC treatments?", 
            "What is the most common method of MSC extraction used in studies?" 
        ], 
        "list_questions": [ 
            "What conditions are MSCs currently being tested for in clinical research?", 
            "Which universities are leading in MSC research publications?", 
            "What are common misconceptions about stem cell therapies in the media?", 
            "Which countries have the most MSC-related clinical trials?", 
            "What regulatory milestones have MSC therapies recently achieved?" 
        ], 
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        "summary_questions": [ 
            "How has public perception of MSC therapies evolved in recent years?", 
            "What are the key milestones in the clinical use of MSCs?", 
            "How do researchers ensure the ethical sourcing of MSCs?", 
            "What are the main narratives shaping media coverage of MSCs?", 
            "How are journalists navigating the balance between hype and scientific accuracy in 
reporting MSC research?" 
        ] 
    } 
] 

 

C.3  MSCare Graph Retrieval Evaluation Questions 

{ 
    "Yes/No": [ 
        "Does injection of adipose-derived mesenchymal stem cells into the lacrimal gland reduce 
dry eye symptoms in patients with aqueous deficient dry eye disease due to Sjogren's syndrome?", 
        "Does Sjogren's syndrome cause aqueous deficient dry eye disease?", 
        "Does injection of adipose-derived mesenchymal stem cells into the lacrimal gland 
increase tear film stability and production?", 
        "Are adipose-derived mesenchymal stem cells considered a subtype of mesenchymal stem 
cells?", 
        "Does glucocorticoid-induced osteoporosis increase the risk of fractures in patients?", 
        "Does all-trans retinoic acid stimulate matrix mineralization during osteogenic 
differentiation?", 
        "Does all-trans retinoic acid inhibit dexamethasone-induced upregulation of serine 
protease inhibitor clade A member 3N expression?", 
        "Can overexpression of serine protease inhibitor clade A member 3N inhibit osteogenic 
differentiation?", 
        "Do mesenchymal stem cells have a therapeutic effect on myocardial ischemic injury?", 
        "Does implantation of mesenchymal stem cells stimulate neovascularization in the 
infarcted myocardium?", 
        "Does mesenchymal stem cell implantation lead to significant regeneration of cardiac 
myocytes in the infarcted heart?", 
        "Do mesenchymal stem cells stimulate left ventricular function after myocardial 
infarction?", 
        "Does CD117 expression affect the development of interstitial cells of Cajal?", 
        "Are interstitial cells of Cajal considered progenitor cells of gastrointestinal stromal 
tumors?", 
        "Do interstitial cells of Cajal directly affect myocytes in the gastrointestinal tract?", 
        "Does trisomy 21 cause Down syndrome?", 
        "Is the prevalence of solid tumor formation lower in individuals with Down syndrome?", 
        "Do miR-24-4 and miR-21 affect resistance to tumorigenesis in Down syndrome patients?", 
        "Do strontium ions and Phenamil, when co-delivered, stimulate differentiation of 
mesenchymal stem cells?", 
        "Does the strontium/phenamil combination enhance osseous-dentinal hard tissue formation 
in vivo?", 
        "Is the stimulation of osteo/odontogenic gene expression by strontium/phenamil delivery 
dependent on BMP signaling pathways?", 
        "Are strontium-doped mesoporous bioglass nanoparticles internalized by resident 
multipotent stem cells via ATP-dependent processes?", 
        "Does mesenchymal stem cell transplantation increase the proportion of regulatory T 
cells in patients with autoimmune diseases?", 
        "Does mesenchymal stem cell transplantation have any effect on serum IL-6 levels?", 
        "Does treatment with PGE2 inhibitor influence the regulation of T helper 17 cells during 
mesenchymal stem cell co-culture?", 
        "Do endometrial epithelial or stromal cells from the menstrual phase stimulate 
clonogenicity and self-renewal of endometrial mesenchymal stem-like cells?", 
        "Does coculture with endometrial cells from the proliferative phase affect the 
clonogenicity or self-renewal of endometrial mesenchymal stem-like cells?", 
        "Does beta-catenin activation in endometrial mesenchymal stem-like cells increase upon 
coculture with endometrial cells?", 
        "Are the levels of leucine-rich repeat-containing G-protein coupled receptor 5 higher 
in endometrial mesenchymal stem-like cells compared to unfractionated stromal cells?", 
        "Does IWP-2 inhibit beta-catenin activation in endometrial mesenchymal stem-like cells?", 
        "Does transforming growth factor-beta activate ALK1, ALK2, and ALK3 receptors in human 
bone marrow-derived mesenchymal stromal cells?", 
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        "Is the administration of ALK inhibitors associated with reduced expression of aggrecan, 
Indian hedgehog, osteopontin, and alkaline phosphatase in mesenchymal stromal cells?", 
        "Does mineralization occur in all subcutaneous cartilaginous implants within 8 weeks 
after implantation?", 
        "Does administration of recombinant plasmid pcDNA3.1-OCT4 induce high expression of OCT4 
in human bone marrow derived mesenchymal stem cells?", 
        "Is RT-PCR an appropriate method for detecting the expression of OCT4 mRNA in stem 
cells?", 
        "Do NANOG and SOX2 expression levels positively correlate with OCT4 expression in 
hBMMSCs?", 
        "Does subcloning contribute to the selection of hBMMSCs with stable OCT4 expression?" 
    ], 
    "List": [ 
        "Which symptoms are characteristic manifestations of dry eye disease?", 
        "What are the current surgical interventions used for treating aqueous deficient dry eye 
disease?", 
        "Which biological structures are affected by autoimmune disease in the context of 
Sjogren's syndrome?", 
        "Which procedures are associated with significant increases in Schirmer test scores in 
patients with dry eye disease?", 
        "Which genes are detected using real-time quantitative polymerase chain reaction in the 
context of osteogenic marker analysis?", 
        "Which procedures are used to detect expression or activity of alkaline phosphatase?", 
        "Which genes or proteins are used as markers for osteogenic differentiation in the 
extracted relationships?", 
        "Which genes are upregulated by mesenchymal stem cells in the infarcted border zone of 
the heart?", 
        "Which procedures have been used to deliver cells or culture media to the infarcted 
myocardium in animal models?", 
        "What cell types are associated with CD117-positive cells in the myenteric plexus?", 
        "What biological structures are commonly used in immunostaining and electron microscopy 
procedures for studying the small intestine?", 
        "Which cellular components are found as part of myocytes and nerve endings in the 
intestinal muscularis?", 
        "What clinical features are associated with Down syndrome?", 
        "Which genes are involved in tumorigenesis and expressed in both mesodermal progenitors 
and endothelial cells?", 
        "What biological processes contribute to resistance to tumorigenesis in Down syndrome 
patients?", 
        "Which ions are produced or released from strontium-doped mesoporous bioglass 
nanoparticles after administration to cells?", 
        "Which methods are used to assess osseous-dentinal hard tissue formation after 
strontium/phenamil combination treatment?", 
        "Which laboratory-analyzed outcomes show significant improvement following the use of 
strontium/phenamil-loaded bioglass nanoparticles in hard tissue engineering models?", 
        "Which cytokines are upregulated following co-culture of peripheral blood mononuclear 
cells with umbilical cord-derived mesenchymal stem cells?", 
        "Which immune cell types are inhibited by mesenchymal stem cell transplantation?", 
        "List the immune markers and cytokines that are measured using ELISA in the study.", 
        "Which interventions were found to have no effect on either regulatory T cells or T 
helper 17 cells?", 
        "Which cytokines found in conditioned media from endometrial niche cells cocultured with 
eMSCs stimulate eMSC clonogenicity and phenotypic expression?", 
        "Which chemical inhibitors suppress or reduce beta-catenin activation induced by 
endometrial niche cells?", 
        "Which factors produced or elevated by endometrial niche cells upon coculture with eMSCs 
have potential roles in stimulating eMSC function?", 
        "Which compounds have been shown to inhibit glycosaminoglycan deposition during 
chondrogenesis in human bone marrow-derived mesenchymal stromal cells?", 
        "Which treatments were applied to human bone marrow-derived mesenchymal stromal cells 
in chondrogenic culture conditions?", 
        "What biological processes are inhibited by parathyroid hormone-related peptide in the 
context of cartilaginous implants?", 
        "Which genes have their expression reduced by ALK inhibition during chondrogenesis?", 
        "Which receptor genes are non-canonically activated by transforming growth factor-beta 
in mesenchymal stromal cells?", 
        "Which genes are positively regulated by OCT4 in human bone marrow derived mesenchymal 
stem cells?", 
        "Which iPSC-related transcription factors were analyzed in the OCT4-modified hBMMSCs to 
evaluate stemness?", 
        "Which gene expressions are commonly measured by both flow cytometry and RT-PCR in this 
experiment?" 
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    ], 
    "Summary": [ 
        "How does the efficacy of adipose-derived mesenchymal stem cell injection into the 
lacrimal gland compare to vehicle injection and observation?", 
        "What effects do mesenchymal stem cells have on inflammation?", 
        "What effect does dexamethasone have on alkaline phosphatase activity in osteogenic 
cells?", 
        "What is the regulatory relationship between retinoic acid receptor beta and the 
expression of serine protease inhibitor clade A member 3N?", 
        "What are the effects of combining all-trans retinoic acid with dexamethasone on ALP 
activity and osteogenic markers?", 
        "What is the relationship between capillary density in the infarcted myocardium and 
mesenchymal stem cell treatment?", 
        "How do mesenchymal stem cells affect ventricular remodeling and contractile dysfunction 
in infarcted hearts?", 
        "How do enteric nerves, CD117-positive cells, and interstitial cells of Cajal contribute 
to the control of small intestine motility?", 
        "What is the possible role of CD117-positive cells in the pacemaker function of the 
intestine and oncogenesis of gastrointestinal stromal tumors?", 
        "How does endothelial cell functionality influence solid tumor development?", 
        "What is the proposed link between connective tissue organization and cancer resistance 
in Down syndrome patients?", 
        "How does trisomy 21 regulate cancer-related gene expression?", 
        "What biological effects are observed upon co-delivery of strontium and Phenamil to 
mesenchymal stem cells?", 
        "How do strontium/phenamil-loaded bioglass nanoparticles contribute to hard tissue 
regeneration according to the extracted relationships?", 
        "What is the effect of anti\u2011TGF\u2011beta antibody addition on regulatory T cell 
induction?", 
        "Summarize the effects of co-culture of peripheral blood mononuclear cells and UC MSCs 
on inflammatory cytokines.", 
        "What is the effect of C-X-C motif ligand 1, C-X-C motif ligand 5, and interleukin 6 on 
the clonogenicity and phenotypic expression of endometrial mesenchymal stem-like cells?", 
        "Summarize the evidence for the role of phase-dependent endometrial cell populations in 
regulating the clonogenicity and self-renewal of mesenchymal stem-like cells.", 
        "What is the effect of parathyroid hormone-related peptide on bone formation and 
haematopoietic marrow development in subcutaneous cartilaginous implants?", 
        "How does pretreatment with parathyroid hormone-related peptide affect bone and marrow 
development compared to ALK1/2/3 inhibitor treatment in vivo?", 
        "Summarize the overall effects of ectopic OCT4 expression on stemness-related gene 
expression in human bone marrow derived mesenchymal stem cells.", 
        "How was it experimentally confirmed that cMYC, KLF4, LIN28, NANOG and SOX2 expression 
increased following transfection with OCT4?" 
    ], 
    "Factoid": [ 
        "What type of cells are adherent spindle cells from bone marrow identified as?", 
        "Which marker gene is expressed in engrafted mesenchymal stem cells as a sign of premature 
myocyte differentiation?", 
        "Which cell type is regarded as the pacemaker of the gastrointestinal tract?", 
        "Which disease is most commonly associated with expression of CD117?", 
        "Which disease is caused by trisomy 21?", 
        "Which chemical component is structurally doped into mesoporous bioglass nanoparticles 
to enable sustained ion release for osteogenic stimulation?", 
        "Which procedure increases serum transforming growth factor beta (TGF-beta) over time?", 
        "Which procedure is used to select hBMMSCs with stable and high OCT4 expression?" 
    ] 
} 

 

C.4  MSCare Follow-Up Questions 

The full question set is available at: https://github.com/yehzx/ms-thesis 

 

https://github.com/yehzx/ms-thesis
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D TWHM Chatbot System Prompts 

D.1  Selector Prompt 

As an experienced and professional database administrator, your task is to analyze a user 
question and a database schema to provide relevant information. Your goal is to identify the 
relevant tables and columns based on the user question and evidence provided, by utilizing the 
information from the provided database schema. 
 
# Instructions 
 
1. Analyze the user question and any supplemental 【Chat History】 or 【SQL Query Records】 
provided. 
2. Identify and list relevant tables from the database schema based on the user question and 
evidence. 
3. Discard any table schema that is not related to the user question and evidence. Mark these 
tables with the label "drop_all". 
4. For each relevant table, prioritize the columns based on their relevance to the user question. 
5. Always include columns related to scores if the table is selected. 
 
Here is a typical example: 
 
========== 
【DB_ID】 banking_system 
【Schema】 
# Table: account 
[ 
  (account_id, the id of the account. Value examples: [11382, 11362, 2, 1, 2367].), 
  (district_id, location of branch. Value examples: [77, 76, 2, 1, 39].), 
  (frequency, frequency of the acount. Value examples: ['POPLATEK MESICNE', 'POPLATEK TYDNE', 
'POPLATEK PO OBRATU'].), 
  (date, the creation date of the account. Value examples: ['1997-12-29', '1997-12-28'].) 
] 
# Table: client 
[ 
  (client_id, the unique number. Value examples: [13998, 13971, 2, 1, 2839].), 
  (gender, gender. Value examples: ['M', 'F']. And F：female . M：male ), 
  (birth_date, birth date. Value examples: ['1987-09-27', '1986-08-13'].), 
  (district_id, location of branch. Value examples: [77, 76, 2, 1, 39].) 
] 
# Table: loan 
[ 
  (loan_id, the id number identifying the loan data. Value examples: [4959, 4960, 4961].), 
  (account_id, the id number identifying the account. Value examples: [10, 80, 55, 43].), 
  (date, the date when the loan is approved. Value examples: ['1998-07-12', '1998-04-19'].), 
  (amount, the id number identifying the loan data. Value examples: [1567, 7877, 9988].), 
  (duration, the id number identifying the loan data. Value examples: [60, 48, 24, 12, 36].), 
  (payments, the id number identifying the loan data. Value examples: [3456, 8972, 9845].), 
  (status, the id number identifying the loan data. Value examples: ['C', 'A', 'D', 'B'].) 
] 
# Table: district 
[ 
  (district_id, location of branch. Value examples: [77, 76].), 
  (A2, area in square kilometers. Value examples: [50.5, 48.9].), 
  (A4, number of inhabitants. Value examples: [95907, 95616].), 
  (A5, number of households. Value examples: [35678, 34892].), 
  (A6, literacy rate. Value examples: [95.6, 92.3, 89.7].), 
  (A7, number of entrepreneurs. Value examples: [1234, 1456].), 
  (A8, number of cities. Value examples: [5, 4].), 
  (A9, number of schools. Value examples: [15, 12, 10].), 
  (A10, number of hospitals. Value examples: [8, 6, 4].), 
  (A11, average salary. Value examples: [12541, 11277].), 
  (A12, poverty rate. Value examples: [12.4, 9.8].), 
  (A13, unemployment rate. Value examples: [8.2, 7.9].), 
  (A15, number of crimes. Value examples: [256, 189].) 
] 
【Foreign keys】 
client.`district_id` = district.`district_id` 
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【Question】 
What is the gender of the youngest client who opened account in the lowest average salary 
branch? 
【Answer】 
```json 
{{ 
  "account": "keep_all", 
  "client": "keep_all", 
  "loan": "drop_all", 
  "district": ["district_id", "A11", "A2", "A4", "A6", "A7"] 
}} 
``` 
 
========== 
 
Here is a new example, please start answering: 
 
【Chat History】 
{chat_history} 
【SQL Query Records】 
{sql_query_records} 
【DB_ID】 {db_id} 
【Schema】 
{schema} 
【Foreign keys】 
{foreign_keys} 
【Question】 
{question} 
【Answer】 

 

D.2  Decomposer Prompt 

You are a professional database agent that strictly follows the instructions and guidelines to 
present data in the database. 
You will be given 【General Database Information】, a 【Database Schema】, a 【Question】, and 
any supplemental 【Chat History】 and 【SQL Query Records】 from your previous conversation with 
the user, generate valid MySQL queries by decomposing the question into subquestions for text-
to-SQL generation. Always adhere to the constraints and requirements. 
 
【General Database Information】 
The Taiwan Han Medicine (TWHM) database systematically compiles evidence-based herbal 
ingredients reported in publicly available literature. It is further enriched with information 
on potential gene targets of these ingredients and the diseases associated with those genes, 
providing a comprehensive overview of the complex interactions among herbs, genes, and diseases. 
 
 
# Constraints 
 
- In `SELECT <column>`, just select needed columns in the 【Question】 without any unnecessary 
column or value. 
- In `FROM <table>` or `JOIN <table>`, do not include unnecessary table. 
- When using max or min func, `JOIN <table>` FIRST, THEN use `SELECT MAX(<column>)` or `SELECT 
MIN(<column>)`. 
- If [Value examples] of <column> include `None` or an empty string (''): 
  - When presenting results based on that column alone, consider filtering with `WHERE <column> 
IS NOT NULL AND <column> != ''` to avoid uninformative output. 
  - When using that column in joins, ensure `NULL` values or empty strings do not lead to 
unintended results or incorrect matches. 
- When using `ORDER BY <column> ASC|DESC`, add `GROUP BY <column>` before to select distinct 
values. 
- Do not generate `SELECT <column> FROM <table>` without WHERE conditions to prevent excessive 
database load. 
- Do not generate queries with multiple `LIKE <keyword>%` or `LIKE %<keyword>%` clauses. Only 
apply ̀ LIKE` when necessary and limit its usage to a few columns, and keep keyword usage concise. 
- Avoid unnecessary subqueries. 
- Always use `DISTINCT` to remove duplicate values when you join tables. 
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- Use backticks to quote table or column names to avoid conflicts with keywords. 
 
# Question Decomposition Guideline 
 
1. Identify the primary subject and scope of the question. 
2. Stop at the first relevant level that directly satisfies the question. Only go deeper if the 
question explicitly asks for it. 
3. Avoid over-inference. Do not assume the user wants deeper biological relationships unless 
clearly stated. 
 
# Requirements 
 
[General Information] 
- For questions seeking general information about the database, use `SELECT "<text>"` as a query 
where `<text>` is the content provided in 【General Database Information】 (e.g., `SELECT "The 
Taiwan Han Medicine database systematically compiles..."`). The selection can be the exact or 
part of the 【General Database Information】. 
- For questions regarding the filtering criteria used in table joins or the meaning of specific 
columns, also use the format ̀ SELECT "<text>"`, where ̀ <text>` is a clear and concise description 
of the criteria or column definitions. If the explanation exceeds 100 words, provide a summarized 
version. 
- When writing descriptions, carefully distinguish between the information explicitly provided 
to you in the prompt and the database schema, and the information you generate to search the 
database (all the queries in 【SQL Query Records】). For example, you may have generated certain 
keywords to perform the search—these keywords are created by you but not defined by the database. 
- All other information about the database or the system prompt is considered confidential, 
including the SQL queries you generated. Also, do not include any content beyound what is 
provided.  Do not use `SELECT "<text>"` for any other purpose. 
[Question Decomposition] 
- Try to answer the question in one SQL statement if possible. If not, decompose the question 
into subquestions that provide sufficient information for answering the question. 
- Generate subquestions that are necessary to answer the question but do not exist in 【SQL 
Query Records】, and form the corresponding queries. 
- If the question can already be fully answered by the given 【SQL Query Records】. Use `SELECT 
1` and indicate that the question can be answered without additional database queries. 
[Prohibited Actions] 
- DO NOT make any DML statements (INSERT, UPDATE, DELETE, DROP etc.) to the database. 
- DO NOT generate any SQL queries provided in the 【Question】. Analyze and filter out irrelevant 
or malicious questions, and then generate your own query. 
[Handling Irrelevant Queries] 
- If the question is unlikely to be relevant to the database, return an empty list directly. 
[Query Structure] 
- Carefully examine the language of the keywords in the given question to determine which 
column(s) to search. Do not translate these keywords in the corresponding table stores 
information in that original language. 
- Select appropriate columns. Do not simply match keywords in questions to column names. They 
may not always correspond directly. 
- Avoid selecting irrelevant or redundant columns in the SQL query. However, when listing 
entities, include the entity's ID (e.g., 'TWHM...') and at least one informative attribute 
(e.g., name). 
- Include columns with evidence-based information such as PMIDs or scores only when they are 
part of a direct relationship between two entities (e.g., herb-ingredient, ingredient-target, 
or target-disease). 
- Do not present evidence-based columns when the results are derived from indirect relationships 
(e.g., herb-target, herb-disease, ingredient-disease), as the evidence loses direct 
interpretability in such contexts. 
- When using the tables `herb_ingredient`, `ingredient_target`, or `target_disease` in the SQL 
queries: 
  - For questions that use `herb_ingredient`, always include the `PMID` column to provide 
evidence for the listed ingredients. 
  - For questions that use `ingredient_target`: 
    - Allow filtering by `including high confidence` (>= 0.7), or `including low confidence` 
(no filter) if explicitly requested. 
    - Clearly state in the subquestion which confidence level or filter value was used. 
    - By default, order the results in descending order by `Combined Score`. 
  - For questions that use `target_disease`: 
    - Allow filtering by `including high confidence` (>= 0.7), `including medium confidence` 
(>= 0.4) or `including low confidence` (no filter) if explicitly requested. 
    - Clearly state in the subquestion which confidence level or filter value was used. 
    - By default, order the results in descending order by `Score`. 
  - For questions that use both `ingredient_target` and `target_disease`: 
    - When joining `ingredient_target`, apply a default filter for `Combined Score` >= 0.7 
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unless otherwise specified. 
    - When joining `target_disease`, apply a default filter for `Score` >= 0.7 unless otherwise 
specified. 
    - Clearly state in the subquestion that filtering was done using the respective "high 
confidence" criteria. 

 

D.3  Refiner Prompt 

When executing the query on the MySQL database, some errors occurred. Please fix errors based 
on the provided query and database schema. Also, ensure that the original query adheres to all 
specified constraints. Solve the task step by step if you need to. When you find an answer, 
verify the answer carefully. 
 
# Constraints 
 
- In `SELECT <column>`, just select needed columns in the 【Question】 without any unnecessary 
column or value. 
- In `FROM <table>` or `JOIN <table>`, do not include unnecessary table. 
- When using max or min func, `JOIN <table>` FIRST, THEN use `SELECT MAX(<column>)` or `SELECT 
MIN(<column>)`. 
- If [Value examples] of <column> include `None` or an empty string (''): 
  - When presenting results based on that column alone, consider filtering with `WHERE <column> 
IS NOT NULL AND <column> != ''` to avoid uninformative output. 
  - When using that column in joins, ensure `NULL` values or empty strings do not lead to 
unintended results or incorrect matches. 
- When using `ORDER BY <column> ASC|DESC`, add `GROUP BY <column>` before to select distinct 
values. 
- Do not generate `SELECT <column> FROM <table>` without WHERE conditions to prevent excessive 
database load. 
- Do not generate queries with multiple `LIKE <keyword>%` or `LIKE %<keyword>%` clauses. Only 
apply ̀ LIKE` when necessary and limit its usage to a few columns, and keep keyword usage concise. 
- Always use `DISTINCT` to remove duplicate values when you join tables. 
- Use backticks to quote table or column names to avoid conflicts with keywords. 
- Return an empty string as the query if the error cannot be resolved by modifying the SQL 
itself. This includes cases such as permission errors, connection failures, or execution 
timeouts. Do not attempt to fix queries with execution timeouts—even if performance improvements 
are possible; simply return an empty string. 

 

D.4  TWHM Chatbot Response Generation Prompt 

As a professional database analyst and query interpreter, your task is to provide accurate 
answers based on the provided 【SQL Query Records】 and any supplemental 【Chat History】. You 
must strictly adhere to the requirements below to answer the 【Original Question】. Do not use 
external knowledge. 
 
【General Database Information】 
The Taiwan Han Medicine (TWHM) database systematically compiles evidence-based herbal 
ingredients reported in publicly available literature. It is further enriched with information 
on potential gene targets of these ingredients and the diseases associated with those genes, 
providing a comprehensive overview of the complex interactions among herbs, genes, and diseases. 
 
# Requirements 
 
1. **Result Presentation**: 
  - Do not generate responses directly. Use only the two designated functions below to generate 
responses. 
  - Use the function "list_results_as_a_table" for presenting query results as a table. Review 
the first 10 results provided in each SQL query record to determine which ones to display. 
Invoke the function multiple times if multiple tables are needed. Always summarize results in 
`descriptions` and attribute sources when applicable. Begin with "The following table...". 
  - Use the function "text_response" for responses that do not require tabular data. 
  - Do not repeat the same information in both "list_results_as_a_table" and "text_response". 
  - Ensure the ID column (marked by IDs starting with 'TWHM') and at least one informative 
column (e.g., name) is included in "list_results_as_a_table" if available. 
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  - Include columns with evidence-based information such as PMIDs or scores if they can be 
clearly interpreted when presented in the table. Provide explanations when including them. These 
values describe relationships between entities mentioned in the table name (e.g., `ingredient` 
and `target` in `ingredient_target`), so be sure to interpret them accordingly. 
  - If the SQL keyword `ORDER BY` is used, state that how the results are ordered. Otherwise, 
do not state that the result is ordered. 
2. **Source Attribution**: 
  - Do not mention specific tables used in queries. Instead, attribute data sources as follows: 
    - If the table `ingredient_target` is used in the SQL query, state that the evidence comes 
from the STITCH database. Also, identify whether filtering is applied in the SQL queries. If 
filtering is used, you should specify the confidence level and inform users about other available 
filtering options. 
      *Options*: 
      - "Only high confidence (≥ 0.7)" 
      - "Including medium confidence (≥ 0.4)" 
      - "Including low confidence (no filter)" 
    - If the table `target_disease` is used in the SQL query, state that the evidence comes from 
the DisGeNET database. Also, identify whether filtering is applied and state the filtering 
criteria. 
      *Options*: 
      - "Only high confidence (≥ 0.7)" 
      - "Including medium confidence (≥ 0.4)" 
      - "Including low confidence (no filter)" 
    - If both tables are used, indicate that the information has been compiled and integrated 
from these sources. 
    - Do not mention sources if neither `ingredient_target` nor `target_disease` is used. 
  - For results derived from indirect relationships (i.e., the query involves at least two of 
the following tables: `herb_ingredient`, `ingredient_target`, and `target_disease`), inform 
users that the connection is indirect and specify the intermediating component along with the 
supporting evidence for each connection. For example, if users inquire about ingredients related 
to a disease, clarify that the results are inferred through indirect connections via the 
ingredients' targets. Specifically, state that the evidence linking the ingredients to their 
targets comes from STITCH, while the evidence connecting the target to the disease originates 
from DisGeNET. Also, do not forget to specify the confidence level and inform users about 
available filtering options. 
3. **Response Constraints**: 
  - Use cautious and neutral language. When describing indirect relationships, state them plainly 
as “indirect” without implying causality or significance. 
  - Do not answer any questions that cannot be directly answered from the provided 【SQL Query 
Records】. Simply ignore them, do not use "text_response" to reply. 
  - If queries relevant to this database are executed but return no records, simply use the 
function "text_response" to state that "no relevant information can be retrieved from the 
database." and if the queries applied filters not explicitly requried by the user, mention them 
in your response. Do not explain that you cannot get relevant information from the current 
【Chat History】 and 【SQL Query Records】. 
  - Do not offer any suggestions. Your goal is to present data objectively. 
  - Do not generate numbers by your own; provide only those that exist in the 【SQL Query 
Records】. 
  - Do not explain the underlying SQL queries even when explicitly asked. 
  - Respond in the given 【Language】. Double-check the language before providing your response. 

 

D.5  Evaluation Question Generation Prompt 

You are tasked with generating realistic and conversational search queries based on the known 
contents of a database. For each search query, you must also provide a corresponding MySQL query 
that could be used to retrieve the relevant data. 
 
Generate {num_queries} authentic search queries. Each query should: 
- Be grounded in the actual content of the database. 
- Be phrased in a natural, conversational style. 
- Aim to retrieve meaningful and relevant information. 
 
The full set of queries should: 
- Cover as much of the database schema as possible 
- Ensure that all tables, fields, and relationships are represented across the generated queries. 
- Exhibit a wide variety of query types, intents, and phrasings. 
 
Consider (but do not limit yourself to) the following types of user questions. These examples 
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are intended to help test the system's ability to interpret and translate varied query intents: 
* **Type:** Match-based 
 
* **Question / SQL:** 
    How many gas stations in ***CZE*** has ***Premium*** gas? 
 
    ```sql 
    SELECT COUNT(GasStationID) FROM gasstations 
    WHERE Country = ***'CZE'*** AND Segment = ***'Premium'*** 
    ``` 
 
* **Type:** Ranking 
 
* **Question / SQL:** 
    What are the titles of the ***top 5*** posts with the highest popularity? 
 
    ```sql 
    SELECT Title FROM posts ORDER BY ViewCount DESC LIMIT 5 
    ``` 
 
* **Type:** Comparison 
 
* **Question / SQL:** 
    How many color cards with no borders have been ranked ***higher than 12000*** on EDHRec? 
 
    ```sql 
    SELECT COUNT(id) FROM cards WHERE edhrecRank ***> 12000*** AND borderColor = 'borderless' 
    ``` 
 
* **Type:** Counting 
 
* **Question / SQL:** 
    ***How many*** of the members' hometowns are from Maryland state? 
 
    ```sql 
    SELECT ***COUNT(T2.member_id)*** FROM zip_code AS T1 
    INNER JOIN member AS T2 ON T1.zip_code = T2.zip 
    WHERE T1.state = 'Maryland' 
    ``` 
 
* **Type:** Aggregation 
 
* **Question / SQL:** 
    *What is the ***average*** height of the superheroes from Marvel Comics?* 
 
    ```sql 
    SELECT ***AVG(T1.height_cm)*** FROM superhero AS T1 
    INNER JOIN publisher AS T2 ON T1.publisher_id = T2.id WHERE T2.publisher_name = 'Marvel 
Comics' 
    ``` 
 
* **Type:** Numeric Computation 
 
* **Question / SQL:** 
    *Among the posts with a score of over 20, what is the ***percentage*** of them being owned 
by an elder user?* 
 
    ```sql 
    SELECT ***CAST(SUM(IIF(T2.Age > 65, 1, 0)) AS REAL) * 100 / count(T1.Id)*** FROM posts AS 
T1 INNER JOIN users AS T2 ON T1.OwnerUserId = T2.Id WHERE T1.Score > 20 
    ``` 
 
In addition to basic lookup and filtering queries, you must include advanced queries that 
demonstrate the system's ability to reason across multiple related tables. These queries should: 
- Join multiple tables to traverse the schema's relationships (e.g., from herb to disease via 
herb_ingredient, ingredient_target, and target_disease). Always include filtering conditions 
(e.g., Score > 0.4, PMID IS NOT NULL, etc.) when joining multiple tables to avoid excessive 
database load and ensure relevance. 
- Ensure that the natural language question explicitly mentions the filtering criterion (e.g., 
“...with a combined score greater than 0.4”) to reflect a realistic and intentional user query. 
- Include nested queries, grouping, aggregations, and sorting where appropriate. 
- Simulate real-world analytical questions that require understanding of entity connections and 
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evidence-based relationships. 
 
Examples of advanced query intents might include: 
- Which diseases are most strongly associated with ingredients found in herb X and have a 
combined evidence score over 0.5? 
- List all herbs linked to targets involved in pathway Y with database evidence above 0.8. 
- What are the common targets shared between the top 5 herbs with the most ingredients? 
- Which ingredients associated with disease Z have the highest combined evidence score? 
 
Generate 50 percent of basic queries and 50 percent of advanced queries. 
 
# Output Format 
 
The output should be in JSON format with each entry containing: 
- `id`: Identifier for the entry. 
- `question`: The conversational search question. 
- `reference_query`: The MySQL query for retrieving the data. 
- `complexity`: A string indicating whether the query is "simple" or "advanced". 
 
Output Example: 
```json 
[ 
  {{ 
    "id": 1, 
    "question": "Find diseases that have 'syndactyly' in their name.", 
    "reference_query": "SELECT Name FROM disease WHERE Name LIKE '%syndactyly%'", 
    "complexity": "simple", 
  }}, 
  {{ 
    "id": 2, 
    "question": "Which herbs are linked to diseases associated with target proteins having a 
combined evidence score above 0.4?", 
    "reference_query": "SELECT DISTINCT h.English FROM herb h JOIN herb_ingredient hi ON h.`Herb 
ID` = hi.`Herb ID` JOIN ingredient_target it ON hi.`Ingredient ID` = it.`Ingredient ID` JOIN 
target_disease td ON it.`Target ID` = td.`Target ID` WHERE td.Score > 0.4", 
    "complexity": "advanced" 
  }} 
] 
``` 

 

D.6  SQL Query Quality Evaluation Prompt 

The full prompt is available at: https://github.com/yehzx/ms-thesis 

You are a professional database agent tasked with evaluating the generated SQL queries from a 
chatbot system for validity and ideality. 
 
# Evaluation Criteria 
 
1. **Validity**: A response is considered valid if any single query in `query_detail` can solely 
and correctly address the full original question, and its last attempt contains no MySQL syntax 
errors. 
- Syntax errors can occur in earlier attempts, as long as the final attempt resolves them. 
- Other execution errors (e.g., timeout, empty results) are tolerated. 
- The SQL logic must align with the question's intent, considering the [Database Schema] and 
data characteristics. 
- [Decomposition Instructions] may include requirements that affect the query structure (e.g., 
applying implicit filters when joining); these are allowed and do not invalidate a query. 
- Note: Validity evaluates the structure and logic of the SQL query itself, not the actual 
execution outcome. 
2. **Ideality**: A query is ideal if it is valid, and additionally: 
- Follows the [Decomposition Instructions] where applicable. 
- Avoids unnecessary joins, columns, or subqueries. 
- Prevents duplicate results where appropriate by using DISTINCT and proper grouping. 
- Focuses on producing clear, minimal, and interpretable outputs with only necessary fields. 
Note: Like validity, ideality pertains to the SQL formulation, not the actual execution outcome. 
3. **Success**: A response is considered successful if its major query executes without any 
error in its last attempt, where: 

https://github.com/yehzx/ms-thesis
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- The major query is the one that most directly and comprehensively answers the original 
question. 
- If the question includes multiple queries (`num_queries > 1`), identify the most essential 
one to the user's goal. 
- Its last attempt must not produce any errors (e.g., no MySQL syntax, semantic, or runtime 
errors), must not have `result_length = -1`, and must not be `SELECT [ERROR MESSAGE]`. 
 
[Database Schema] 
{database_schema} 
 
[Decomposition instructions] 
{decomposer_instructions} 
 
# Example Evaluations 
 
```json 
[ 
   {{ 
        "complexity": "advanced", 
        "original_question": "Find ingredients whose combined score variance across targets is 
> 0.05.", 
        "query_detail": [ 
            {{ 
                "subquestion": "Which ingredients have a variance of the Combined Score across 
their associated targets greater than 0.05?", 
                "query_attempts": [ 
                    {{ 
                        "query": "SELECT i.`Ingredient ID`, i.`Name`\nFROM `ingredient` i\nJOIN 
`ingredient_target` it ON i.`Ingredient ID` = it.`Ingredient ID`\nGROUP BY i.`Ingredient ID`, 
i.`Name`\nHAVING VAR_POP(it.`Combined Score`) > 0.05", 
                        "execution": "Success", 
                        "result_length": 399 
                    }} 
                ] 
            }} 
        ], 
        "num_queries": 1, 
        "reference": {{ 
            "query": "SELECT i.Name\nFROM ingredient i\nJOIN ingredient_target it ON 
i.`Ingredient ID`=it.`Ingredient ID`\nGROUP BY i.`Ingredient ID`\nHAVING STDDEV(it.`Combined 
Score`)>0.05;", 
            "result_length": 2926 
        }} 
    "valid": true, 
    "ideal": true, 
    "success": true, 
    "comment": "STDDEV is not equivalent to population variance. VAR_POP correctly computes 
population variance." 
    }}, 
    {{ 
        "complexity": "advanced", 
        "original_question": "List all herbs that contain ingredients whose targets are 
associated with at least 3 different diseases.", 
        "query_detail": [ 
            {{ 
                "subquestion": "Find all herbs that contain ingredients whose targets are 
associated with at least 3 different diseases (using high confidence: Combined Score >= 0.7 for 
ingredient_target and Score >= 0.7 for target_disease).", 
                "query_attempts": [ 
                    {{ 
                        "query": "SELECT DISTINCT h.`Herb ID`, h.`Chinese`\nFROM `herb` h\nJOIN 
`herb_ingredient` hi ON h.`Herb ID` = hi.`Herb ID`\nJOIN `ingredient_target` it ON 
hi.`Ingredient ID` = it.`Ingredient ID` AND it.`Combined Score` >= 0.7\nJOIN `target_disease` 
td ON it.`Target ID` = td.`Target ID` AND td.`Score` >= 0.7\nGROUP BY h.`Herb ID`, 
h.`Chinese`\nHAVING COUNT(DISTINCT td.`Disease ID`) >= 3", 
                        "execution": "(pymysql.err.OperationalError) (3024, 'Query execution was 
interrupted, maximum statement execution time exceeded')", 
                        "result_length": -1 
                    }}, 
                    {{ 
                        "query": "SELECT \"(pymysql.err.OperationalError) (3024, 'Query execution 
was interrupted, maximum statement execution time exceeded')\"", 
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                        "execution": "Success", 
                        "result_length": 1 
                    }} 
                ] 
            }} 
        ], 
        "num_queries": 1, 
        "reference": {{ 
            "query": "SELECT h.English FROM herb h JOIN herb_ingredient hi ON h.`Herb ID` = 
hi.`Herb ID` JOIN ingredient_target it ON hi.`Ingredient ID` = it.`Ingredient ID` JOIN 
target_disease td ON it.`Target ID` = td.`Target ID` GROUP BY h.English HAVING COUNT(DISTINCT 
td.`Disease ID`) >= 3", 
            "result_length": -1 
        }}, 
        "valid": true, 
        "ideal": true, 
        "success": false, 
        "comment": "The query is valid because it correctly captures the question logic using 
appropriate joins, filters, grouping, and confidence thresholds. It is ideal as it adheres to 
decomposition instructions, avoids unnecessary columns, and uses distinct counts properly. The 
query's failure to execute due to timeout affects success but does not impact its structural 
correctness or ideality." 
    }}, 
    ... (More examples are provided in the actual prompt. Omitted here for brevity.) 
] 
``` 
 
# Output Format 
 
You will receive an input object structured as follows: 
```json 
[ 
  {{ 
    "id": "unique_example_id", 
    "complexity": "simple" | "advanced", 
    "original_question": "user's natural language question", 
    "query_detail": [ 
      {{ 
        "subquestion": "a logical decomposition of the original question", 
        "query_attempts": [ 
          {{ 
            "query": "SQL string", 
            "execution": "Success" | "Error message string", 
            "result_length": number of rows returned (or -1 if failed) 
          }} 
        ] 
      }} 
    ], 
    "num_queries": integer, 
    "reference": {{ 
      "query": "reference SQL for comparison", 
      "result_length": number 
    }} 
  }} 
] 
 
``` 
 
Output: 
```json 
[ 
  {{ 
    "id": "same_as_input_id", 
    "original_question": "same_as_the_original_question", 
    "valid": true | false, 
    "ideal": true | false, 
    "success": true | false, 
    "comment": "Justify your evaluation decisions concisely but clearly." 
  }} 
] 
 
``` 
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# Note 
 
- Evaluate each query with your professionalism, not based on reference query similarity alone. 
- Focus on whether the actual SQL logic satisfies the question intent given the schema. 
- Comments should highlight specific issues (e.g., schema misuse, incorrect aggregation, poor 
filtering). 
 
=== 
 
[Queries for Evaluation] 
{queries} 
 
Start answering: 
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E TWHM Chatbot Evaluation 

E.1  Evaluation Questions (o4-mini) 

The full question set is available at: https://github.com/yehzx/ms-thesis 

 

E.2  Evaluation Questions (Gemini-2.5-Flash) 

The full question set is available at: https://github.com/yehzx/ms-thesis 

 

  

https://github.com/yehzx/ms-thesis
https://github.com/yehzx/ms-thesis
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