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Electronic Health Records (EHR)
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Vaccine Adverse Event Reporting System (VAERS)
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➢ A national early warning system established in 1990.
➢ Co-managed by CDC and FDA.

➢ Three tables:
• VAERSDATA
• VAERSVAX
• VAERSSYMPTOMS

➢ Symptom information:
• Free text symptom 

description
• A list of adverse 

event coded terms



In the Big Data Era: From Records to Insights
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Understanding Natural History of Disease

Yadav, Pranjul, et al. "Mining electronic health records (EHRs): A survey." ACM Computing Surveys, 2018. 
Image sources: https://www.jtcvs.org/article/S0022-5223(18)30399-4/fulltext, https://www.iths.org/investigators/services/bmi/patient-cohort-identification/, 
https://www.subpng.com/png-9y08xn/, https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/. 

Patient Cohort Identification

Risk Prediction and Biomarker Discovery Quantifying Effect of Intervention

https://www.jtcvs.org/article/S0022-5223(18)30399-4/fulltext
https://www.jtcvs.org/article/S0022-5223(18)30399-4/fulltext
https://www.jtcvs.org/article/S0022-5223(18)30399-4/fulltext
https://www.jtcvs.org/article/S0022-5223(18)30399-4/fulltext
https://www.jtcvs.org/article/S0022-5223(18)30399-4/fulltext
https://www.iths.org/investigators/services/bmi/patient-cohort-identification/
https://www.iths.org/investigators/services/bmi/patient-cohort-identification/
https://www.iths.org/investigators/services/bmi/patient-cohort-identification/
https://www.iths.org/investigators/services/bmi/patient-cohort-identification/
https://www.iths.org/investigators/services/bmi/patient-cohort-identification/
https://www.subpng.com/png-9y08xn/
https://www.subpng.com/png-9y08xn/
https://www.subpng.com/png-9y08xn/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/
https://www.everydayhealth.com/rheumatoid-arthritis/treatment/ra-medication-side-effects/


Research Topics in My Group
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Natural Language Querying
• How to seek answers from various types of medical records for clinical activity 

related questions posed in human language without the assistance of database and  
natural language processing (NLP) domain experts?

Predictive Analysis

• How to predict when a medical event will occur and estimate its probability based 
on previous medical information of patients?

• How to make predictions at the early stage of the medical study?

Knowledge Extraction and Discovery

• How to discover underlying correlations of different medical events and entities in EHR?
• How to apply NLP techniques to construct structured events and knowledge bases from 

clinical notes?



Natural Language Querying (NLQ)
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Relational
Graph

Document Images

Key-value

Various data types in healthcare

Answer
Computers transform the human-like 
query into a machine-readable search 
query or directly return the answers.

Question

Users using human-like language to 
find the information in the databases.

A reasoning process



Existing Work Focuses on Text-to-SQL
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Relational Database
• No rules required
• Automatic translation
• No database or NLP 

knowledge required

• Complicated to 
specify rules

• Difficult to manage
• Require training

Traditional Rule-based System

Query
Database

Return
Output



Example of Text-to-SQL in Healthcare
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➢ MIMICSQL dataset was designed to support the training and evaluation of Text-to-SQL in healthcare. 

• 10,000 question-SQL pairs.

• Two types of questions: template questions and natural language (NL) questions.

Wang, Ping, Tian Shi, and Chandan K. Reddy. "Text-to-sql generation for question answering on electronic 
medical records." In Proceedings of The Web Conference 2020, pp. 350-361. 2020.



From SQL to NoSQL

9

➢ Text-to-SQL:

• A promising research topic in both the NLP and database community.

• Interact with relational databases without the need for NLP/database knowledge and without the help of 
database engineers.

• Several large-scale Text-to-SQL datasets in a variety of domains have been created and many state-of-the-
art deep learning models have also been developed.

➢ Limitations: 

• Text-to-SQL capabilities are limited by the data structures and functionality of SQL databases for full-text 
search.

• Difficult to incorporate external knowledge bases (KBs) into relational tables because the complex 
relationships between nodes in KBs will result in too many tables or table columns in the relational 
database. 

Our solution: Exploiting the potential of NoSQL database for natural language querying!



NLQ on NoSQL Databases
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➢ Overall objective:

• Fill the gap: very little work has been devoted to developing NLQ tools for NoSQL databases.

• Forge new research directions: NLQ task for Elasticsearch query (Text-to-ESQ) generation.

• Re-designing a variety of aspects of NLQ: including the target application, the benefit of NoSQL 
database, and the JSON data stored in the database, etc. 

➢ Advantages of Text-to-ESQ:

➢ Document-like format of Elasticsearch database: allows us to easily convert complex data 
formats into nested JSON objects (like reasoning path on knowledge graphs), and integrate 
data from disparate sources, such as tables, texts, graphs, and other external knowledge bases.

➢ Incorporate reasoning processes into searching via both query clauses (e.g., Boolean 
relationships) and path to the target fields (e.g., DATA.SYMPTOMS.SEVERITY).



Research Challenges for Text-to-ESQ
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➢ Task formulation and benchmarks:

• Research gap in task formulation of Text-to-NoSQL.

• Limited public datasets and benchmarks compared to SQL (e.g., Spider, WikiSQL, MIMICSQL). 

• No standard evaluation metrics for NoSQL query generation.

➢ LLM-based reasoning for Text-to-ESQ:

• LLM pipelines are underexplored for Text-to-ESQ.

• NoSQL-specific reasoning and schema grounding are required. 

➢ Complexity taxonomy and efficiency improvement: 

• Lack of a complexity taxonomy for ESQ query generation.

• Need complexity-aware and optimization-driven query generation.



Text-to-ESQ: A Two-Stage Controllable Approach 
for Efficient Retrieval of Vaccine Adverse Events 
from NoSQL Database
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Zhang, Wenlong, Kangping Zeng, Xinming Yang, Tian Shi, and Ping Wang. "Text-to-esq: A two-stage controllable approach for efficient retrieval of 

vaccine adverse events from nosql database." In Proceedings of the 14th ACM International Conference on Bioinformatics, Computational Biology, 

and Health Informatics, pp. 1-10. 2023.



Our Contributions
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➢ Create a large-scale Text-to-Elasticsearch (Text-to-ESQ) dataset:

• Based on the VAERS data, we considered three categories of information: 

▪ Patients’ vaccine relative history with side effects 

▪ Free text about symptom description

▪ Vaccine information (e.g., series number, manufacturer) 

• VAERSESQ is the FIRST large-scale dataset for Text-to-ESQ generation task in healthcare.

➢ Explore initial method for Elasticsearch query generation:

• Propose a two-stage controllable (TSC) framework.

• Conduct an extensive experimental analysis of Text-to-ESQ on the VAERSESQ dataset.



VAERSESQ Data Generation
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Populate 
Templates

➢ Populate the 
placeholders in 
question templates 
with specific 
information from 
VAERS data

Rephrase   
Questions

➢ Use pre-trained 
M2M multilingual 
translation model 
to translate 
template questions 
into natural 
language 
questions. 

Query       
Collection

➢ Populate query 
template with 
same information 
as questions

Question      
Collection

➢ Healthcare experts, 
and other clinical 
question resources

➢ Normalize 
questions as 
templates and get 
query templates

➢ Question-query pairs generation:

• Human Annotation: questions are natural, but the process is time-consuming and expensive.

• Machine Generation: efficient, but machine generated questions are not natural.

• Ours: Template-based Generation (machine generation and human annotation) + Rephrasing 
(back translation).



VAERSESQ Dataset
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The VAERSESQ dataset is publicly available at https://github.com/LEAF-Lab-Stevens/Text2ESQ.

➢ Transform the structured database into the 
Elasticsearch database for Text-to-ESQ.

➢ Provide a reusable paradigm to facilitate the 
initial exploration Text-to-ESQ.

https://github.com/LEAF-Lab-Stevens/Text2ESQ
https://github.com/LEAF-Lab-Stevens/Text2ESQ
https://github.com/LEAF-Lab-Stevens/Text2ESQ
https://github.com/LEAF-Lab-Stevens/Text2ESQ
https://github.com/LEAF-Lab-Stevens/Text2ESQ


Text-to-ESQ: A Two-Stage Controllable Framework
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Stage 1: Question-to-question (Q2Q) 
translation module 

• The questions may not contain 
terms that exactly match the 
condition fields and values.

• Designed for translating natural 
language questions into the 
corresponding template questions.

• Adopt and finetune the BART 
model on the natural language and 
template question pairs.

• The generated question will serve 
as the input for the second stage.



Text-to-ESQ: A Two-Stage Controllable Framework
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Stage 2: ESQ condition extraction 
(ECE) module

• For parsing name entities about 
condition fields and values from 
template questions for further 
populating the query templates.

• Formulate as a sequence labeling 
task:

o Condition values: relevant 
tokens

o Condition fields: 
labels/categories



Evaluation Metrics
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➢ We leveraged traditional score and query components for comprehensive evaluation.

● To evaluate the performance of the Q2Q translation module:

o ROUGE-1: ROUGE-1 to measure the similarity of the overall original natural language questions and the 
generated template questions. 

o Condition: we also evaluate the specific condition values extract from human intents.

● To evaluate the performance of the ESQ condition extraction module: 

o String matching metric : we adopt the commonly used string matching metric logic form accuracy 
𝐴𝐶𝐶𝑓+𝜈 = Τ𝑁𝑓+𝜈 𝑁

     to evaluate the overall performance on both condition fields and values. 

o Condition value: we also evaluate values by calculating 𝐴𝑐𝑐𝑣= Τ𝑁𝑣 𝑁. 



Performance of Q2Q for Question Translation
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• Performance of different methods 
on translating natural language 
questions to template questions.

• An example of translating the 
natural language questions (NLQ) 
into template questions (TQ) with 
the Q2Q module.



Performance of ECE for Condition Extraction
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Performance of ECE for Condition Extraction
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Summary
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➢ Findings:

• Intent understanding is a first-class modeling objective. 

• Decomposition improves reliability.

• Benchmark construction shapes what models learn.

➢ Impacts: 

• This initial work defined the task, benchmark, and evaluation framework, laying the foundation for later studies.

• This work established staged task decomposition as a key strategy for improving the reliability of natural 
language querying.



Natural Language Querying on Domain-Specific 
NoSQL Databases with Large Language Models

23Zhang, Wenlong, Chengyang He, Guanqun Yang, Dipankar Bandyopadhyay, Tian Shi, and Ping Wang. "Natural language querying on domain-specific nosql 

database with large language models." In 2024 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), pp. 5174-5181. IEEE, 2024.



LLM-Based NLQ on NoSQL Databases
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Relational
Graph
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Key-value

Various data types in healthcare

Answer
LLM transform the human-like query 

into a machine-readable search 

query or directly return the answers.

Question

Users using human-like language to 
query information from LLM interface.

A reasoning process

LLMs
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Existing Challenges

S1: Only focuses on template questions.
S2: Lack of detailed analysis and evaluation. Limitation

Existing Work

S2S1   

1. Wenlong Zhang, Kangping Zeng, Xinming Yang, Tian Shi, and Ping Wang. 2023. Text-to-ESQ: A Two-Stage Controllable Approach for Efficient Retrieval of Vaccine Adverse Events from NoSQL Database, ACMBCB 2023
2. V. Usha, N. C. Abhinash, S. N. Chowdary, V. Sathya, E. R. Reddy and S. P. S, "Enhanced Database Interaction Using Large Language Models for Improved Data Retrieval and Analysis," 2024 ICoICI



Our Contributions
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➢ Systematically categorize and examine existing Chain-of-Thought (CoT) prompting.

• Instruction-based CoT prompting

• Explanation-based CoT prompting

➢ Explore a new framework to utilize LLMs for Text-to-ESQ task. 

• Introduce the InstructEx CoT prompting for an initial exploration of combining diverse prompt 
strategies for solving the Text-to-ESQ task on NoSQL databases with LLMs.

• Evaluate nine LLMs and three types of baseline prompting strategies, and conduct an extensive 
experimental analysis of utilizing LLMs for the Text-to-ESQ task.



Existing Chain-of-Thought Prompting Methods

➢ Chain-of-Thought (CoT) prompting methods:
• Designed to enhance the reasoning capabilities of LLMs by breaking down complex problems into a series of 

intermediate steps.
• We categorize the existing work into two categories: instruction-based prompts and explanation-based prompts.

Routine or high-
volume task

Production 
deployment with 
cost constraint

Domain-specific 
or safety-critical 
reasoning

Educational or 
analytical demos

27

Many complex problems, such as Text-to-ESQ, tend to involve both intricate logic judgments and domain-specific 

language explanation. When handling these tasks with LLMs, it is essential to combine both advantages.



InstructEx Chain-of-Thought (CoT) Prompting
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Prompt Header:
Include the database 
schema

Natural Language 
Question (S1)

Instructions with 
Stepwise Explanation (S2)

Query Generation 
Instruction (S3)

This new structured approach 
blends directive and 

conversational elements.



Performance of LLMs on Text-to-ESQ
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➢ How do various LLMs perform on the domain-specific Text-to-ESQ task?

Findings:
1. Generally, the GPT series perform better than other models. 

2. We observe that models with more parameters tend to achieve higher accuracy. 

Performance measured by BLEU Score for the Text-to-ESQ task.



Performance of InstructEx CoT Prompting 
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➢ Does the proposed InstructEx CoT prompting improve the performance of the Text-to-ESQ task?

Findings:
1. Prompting strategies demonstrated an enhanced performance for all LLMs.
2. Instructional and explainable strategies contribute differently for the model performance.

• Instructional CoT prompts improved special keywords, notably in the Condition and Value segments.
• Explainable CoT prompts, improve the code framework, but have negative impact on keywords.

 



Detailed Performance on Elasticsearch

➢ What is the performance of different LLMs on various data types in the Elasticsearch queries? 

Findings:

● Different strategies 
show different impact 
when data type change. 

● There remains 
untapped potential for 
further exploration.



Summary
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➢ Findings:

• LLMs show different sensitivities to prompt design.

• Prompting strategies affect different dimensions of output quality.

• Their impact varies across query components and data types.

➢ Impacts: 

• It identified a reasoning-guided, verification-oriented query generation pipeline.

• It benchmarked multiple LLMs on the Text-to-ESQ task and informed the later agent design. 



Rethinking Efficient Text-to-NoSQL Query 
Generation with a Complexity Taxonomy for 
Lucene Data Structures
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Wenlong Zhang, Amrutha Kanakatte Ravishankar, Denghui Zhang, Tian Shi, and Ping Wang. Rethinking Efficient Text-to-NoSQL Query Generation with a 
Complexity Taxonomy for Lucene Data Structures. In submission.



Taxonomy in Existing NLQ Datasets
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➢ Spider 2.0:  SQL queries tokens [1]

➢ BIRD: Tokens, JOINs, Keywords, n-grams [2] 

SQL Databases

NoSQL Databases

➢ TEND: Transform from SQL database, without specific 
design for NoSQL [3] 

➢ BirdES: Same strategy as used for the Bird dataset [4]

1. Lei, Fangyu, et al. "Spider 2.0: Evaluating language models on real-world enterprise text-to-sql workflows." ICLR 2025

2. Li, Jinyang.et “Can llm already serve as a database interface? a big bench for large-scale database grounded text-to-sqls”. Advances in Neural Information Processing Systems
3. Lu, Jinwei, et al."Bridging the gap: Enabling natural language queries for nosql databases through text-to-nosql translation." arXiv preprint arXiv:2502.11201 (2025).
4. Dongge Xue et al. “Text-to-ES Bench: A Comprehensive Benchmark for Converting Natural Language to Elasticsearch Query” ACL 2025

Taxonomy rules 

Taxonomy rules 
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Existing Challenges

➢ NL question tokens or SQL query tokens do not explicitly reflect query complexity.
• How many patient from state NC already took HPV4?
• How many teenager from state NC already took HPV4?

➢ Joint tables or any single key operation do not reflect query complexity.
• How to determine complexity when multiple tables and operations involved?
• It is hard to reuse the taxonomy in other datasets.

Our solution: We build a more comprehensive taxonomy based on 
query time complexity for a broad and systematic use.



Lucene Based Data Structure and Elasticsearch
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➢ Lucene Data Structure:
o Widely deployed in Wikipedia, 

LinkedIn, and Twitter.

o How to analyze the whole 
construction remains 
challenging.

Elasticsearch is a distributed, open-source search and analytics engine built on top of 
Apache Lucene, designed to handle massive volumes of data in near real-time.

LUCENE QUERY-TO-STRUCTURE MAPPING & OPTIMIZATION

USER QUERY /

ACTION TYPE

LUCENE COMPONENT

(DATA STRUCTURE)

OPTIMIZATION /

FUNCTION

Full-text search

Display this

result

Sorting,

Aggregations

Numbers,

Dates, Geo

Deletions

Inverted
Index

Stored
Fields

DocValues

Point
Values

Live Docs
(Bitset)

Dict.

0110 1010

1010 0110

Search-to-Doc
(Fast Lookup)

Retrieval
(Row-based)

Doc-to-Value

(Columnar, Fast Access)

Range queries
(BKD Trees)

Filtering
(Marked for Merge)

{



Seven-Classes Complexity Protocol of ESQ
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Intensity Evaluation

Classes A–B: low intensity
Direct lookup and exact term filters are the safest 
choices for high-concurrency production.

Classes C–E: medium intensity
Boolean composition, ranges, and pattern expansion 
become sensitive to document frequency and traversal 
cost.

Classes F–G: high intensity
Full-text scoring, sorting, and aggregation add ranking 

or columnar work and dominate latency and memory.

Relative query cost (conceptual scale)

Class Query family Core complexity Load

A Constant lookup O(1)

B Single-term match O(df(t))

C Boolean filter O(Σ df(t_i))

D Range / prefix† O(log N + R)

E Pattern query O(W + Σ df)

F Full-text ranking O(Σ df + R log K)

G Analytics / sort O(Σ df + R + agg)

Operational reading

➢ Classes A–B are generally safe for high-concurrency production.
➢ Classes C–E require closer monitoring because cost depends on document frequency and pattern expansion.
➢ Classes F–G are the most resource-intensive because they move from index lookup to scoring, sorting, or 

aggregation.



MedESQ Dataset
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Distribution of the top three frequent 
function combinations in different 

difficulty levels in MedESQ.
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Agentic Retrieval-Augmented Complexity-Aware Text-to-ESQ Framework



Performance of RACE-ESQ on MedESQ
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Accuracy 

Query runtime of GPT5 
with/without RACE-ESQ

Query runtime from models 
with/without RACE-ESQ

Efficiency



Summary
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➢ Findings:

• Explicit efficiency factors, such as operator complexity and query difficulty, are highly useful for guiding 
efficient query generation. 

• Efficiency-aware modeling provides more informative performance evaluation beyond query correctness.

➢ Impacts:

• This work introduced efficiency as a new evaluation dimension for Text-to-ESQ.

• Improved practical relevance of Text-to-ESQ evaluation and generation.



42

Summary of NLQ on NoSQL Databases

Accuracy

• Task formulation and benchmark
• Text-to-ESQ task formalization; VAERSESQ benchmark; Two-

stage controllable model

Reasoning

• LLM-based Reasoning augmentation
• InstructEx prompting schema-aware reasoning; Executable 

LLM generation

Efficiency

• Efficiency-aware execution
• Complexity protocol; MedESQ benchmark; RACE-ESQ 

optimization
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Thank you!

Q & A

Email: ping.wang@stevens.edu

Web: https://leafnlp.org/ping

The LEAF Lab @Stevens: https://leafnlp.org/ 
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