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Figure 1: (a): Dynamic query widgets from the current version of the ParcoursVis aggregated EHR sequence visualization system
(see the Filter tab on the right panel at|parcoursvis.lisn.upsaclay.fr). The panel has limited space and cannot show the large number
of available attributes and value codes for filtering patients. (b): Prototype of our vision using an LLM to translate a natural language
query into an SQL query featuring an editable query box and a natural language paired-explanation.

ABSTRACT

We propose leveraging Large Language Models (LLMs) as an in-
teraction layer for medical visualization systems. In domains like
healthcare, where users must navigate high-dimensional, coded,
and heterogeneous datasets, LLM-generated queries enable expert
medical users to express complex analytical intents in natural lan-
guage. These intents are then translated into editable and executable
queries, replacing the dynamic query interfaces used by traditional
visualization systems built around sliders, check boxes, and drop-
downs. This interaction model reduces visual clutter and elimi-
nates the need for users to memorize field names or system codes,
supporting fluid exploration, with the drawback of not exposing all
the filtering criteria. We also reintroduce dynamic queries on de-
mand to better support interactive exploration. We posit that medi-
cal users are trained to know the possible filtering options but chal-
lenged to remember the details of the attribute names and code val-
ues. We demonstrate this paradigm in ParcoursVis, our scalable
EventFlow-inspired patient care pathway visualization system pow-
ered by the French National Health Data System, one of the largest
health data repositories in the world.

Index Terms: LLM, Visualization, Temporal Event Sequences,
Electronic Health Records, Interactive Filtering.
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1 PROBLEM STATEMENT

Large-scale Electronic Health Record (EHR) databases are being
developed to inform policy-making and facilitate disease analy-
sis [23]]. For medical users, such as doctors, nurses, and medical
administrative managers, EHRs deliver beneficial context, such as
demographics, clinical history, medications, diagnostic results, and
coded data linked to external dictionaries. However, EHR data also
presents the challenge of containing hundreds of patient attributes.
For example, the French National Health Database (SNDS) [22],
managing the EHRs of the French population, contains over 3,000
variables related to patient care, organized in tables filled with num-
bers, text, and codes [21].

Traditional visualization systems rely on the direct manipulation
paradigm for interaction [17], where users directly interact with the
visualized objects of interest or indirectly with dynamic query wid-
gets [18]]. In EHR visualization systems such as EventFlow [[14] and
our system ParcoursVis [1]], visible objects include steps in treat-
ment pathways and event types that users can select and filter out
for exploration. Additionally, they display dynamic query widgets
to filter on other attributes (a)). However, dynamic query
user interfaces can only accommodate a limited number of widgets.

The main challenge is to effectively deliver the specific patient
information that doctors are looking for [4]], providing sufficient fil-
tering capabilities to support in-depth data exploration. Given the
large number of variables to manage, dynamic query interfaces may
not offer the most effective solution.

2 HuUMAN-GUIDED LLM-GENERATED SQL QUERIES

To address the challenge of identifying and presenting relevant vari-
ables to medical users, we envision design choices that stem from
the practical difficulties of delivering patient information in a way


https://parcoursvis.lisn.upsaclay.fr/

that aligns with their needs. Specifically, we identify two key re-
quirements: usability and transparency. Indeed, many medical
users have a working knowledge of coding and database querying.
However, navigating datasets remains difficult, particularly when
variables are encoded in cumbersome ways, such as with alphanu-
meric codes or non-descriptive identifiers. LLMs can generate SQL
queries [2}|8H10,/13]], but to be effective and provide agency to doc-
tors [3,20], they should have these two properties:

» Editable, scriptable queries: The system should expose the
generated SQL and allow users to edit it. This promotes user
agency, allowing them to inspect, understand, and own the
variable-selection and filtering logic [[19].

* Natural-language paired explanations: Each generated query
should be accompanied by a plain-language description of its ef-
fects. This enhances transparency [[7]], facilitates learning about
the database structure (e.g., codes, fields), and helps detect LLM
mismatches or hallucinations [6].

To that end, we suggest a two-stage process to support doctors in
querying complex attributes effectively on large EHR databases.
Step 1. The first stage is the query translation phase (NL = SQL),
where the doctors’ requests are translated into one or more SQL
query versions. The translation phase is done by the LLM. The
benefits are that the doctors can learn, check, edit, save the queries
for later reuse, and share them with colleagues; they are determin-
istic, whereas the translation process with LLMs is not.

Step 2. Within the second stage (SQL = Vis), the queries are ex-
ecuted and power the visualization, which shows various details
about the features the doctors selected.

Yet, this process loses some important properties of the tradi-
tional dynamic queries [18]. We discuss that issue in [Section 4]

3 USE-CASE SCENARIO

We illustrate our vision using ParcoursVis, our web-based sys-
tem for visualizing large-scale EHR event sequences. Inspired by
EventFlow [14], ParcoursVis scales to datasets 4—5 orders of mag-
nitude larger (tens of millions of patients, billions of events) using
a progressive architecture [5]. It is applied to explore specific treat-
ment cohorts extracted from the French SNDS database.

The SNDS data are split across multiple tables (e.g., medica-
tions, procedures, hospitalizations) and use opaque alphanumeric
codes, making direct querying difficult, even for users familiar
with the schema. Retrieving and interpreting these codes often
requires external dictionaries from various sources, which can be
complex or outdated. For example, the ER_PRSF table [22] con-
tains records of reimbursed healthcare acts. In our subset, each
care episode includes attributes such as the beneficiary’s age at
care (BEN_AMA_COD), encrypted social-security ID (BEN_CDI_NIR),
year-month and exact date of death if applicable (BEN_DCD_AME,
BEN_DCD_DTE), year of birth (BEN_NAI_ANN), municipality and de-
partment of residence (BEN_RES_COM, BEN_RES DPT), and care start
and end dates (EXE_SOI_DTD, EXE_SOI_DTF).

ParcoursVis features a Filter tab (a)) which lets users
filter views by patient attributes (e.g., comorbidities, age) and by
various attributes (e.g., treatment duration). This could, in prin-
ciple, extend to all the available attributes from the database, but
the limited screen real estate cannot present all the dynamic query
widgets to enable extensive filtering of care pathways. Instead, we
explored the feasibility of using a pre-trained Mistral LLM [12]
to translate natural language queries into SQL. It is open-source,
downloadable, and licensed under Apache 2.0, so it can be run
on any machine without restrictions. We provided it the ER_PRSF
schema and prompted it with “You are helping write SQL queries
for a dataset from the SNDS health database. The data is stored
in a single flat table called “ER_PRSF”, asking for the following
format: 1. SQL query in a code block; 2. Short explanation; 3. Any
assumptions you made. Step 1.’s output is shown in [Figure 1] (b),

Explanation This query identifies patients over the age of 65 who had more than two care events
during the year 2022. Here’s a breakdown of the query:

1. WHERE Clause:
o BEN_AMA_COD > 65: Ensures the patient is over 65 years old.
o EXE_SOI_DTD BETWEEN '2022-01-@1' AND '2022-12-31"':Filters care events
to those that occurred in the year 2022.
2. GROUP BY Clause:
o BEN_CDI_NIR: Groups records by the unique patient identification code.
3. HAVING Clause:
o COUNT(*) > 2:Filters groups to include only those with more than two care events.
Assumptions
1. Age Consistency: The age (BEN_AMA_COD) is consistent and accurate as of the date of
care.
2. Unique Patient Identification: BEN_CDI_NIR is unique and correctly identifies individual
patients.
3. Care Event Overlap: Care events are distinct, meaning that overlapping or continuous care
events are counted separately if they fall in different rows.
4. Data Completeness: The EXE_SOI_DTD and EXE_SOI_DTF date values are complete and
accurately reflect the start dates of care events for the specified year.
This query assumes that the patient age (BEN_AMA_COD) is accurate and represents the age at
the time of care, and it filters and counts care events based on the start date of care within the
specified year.

Figure 2: Example of explanations provided by our natural language
to SQL LLM query translator.

and[Figure 2] This step was part of an initial investigation to deter-
mine whether LLM-based query generation could be viable in our
context (it is not integrated into the final system yet).

4 CHALLENGES ADDRESSING THE BENEFITS AND LIMITA-
TIONS OF USING LLMs IN HEALTHCARE

Standardization of datasets. Processing complex health-related
datasets such as SNDS presents several challenges. Besides navi-
gating multiple tables, a model must detect and resolve duplicates,
distinguish them when necessary, determine the shortest join paths,
and suggest alternative queries. We think that many of these is-
sues are caused by the lack of standardization, and thus advocate
for standardizing schemas. Below, we introduce two examples.

* Adopt the OMOP data model. The ongoing effort to align
health data with the OMOP model [15]] promotes interoperability
across clinical and medico-administrative databases. Conform-
ing SNDS and other health datasets to OMOP would supply con-
sistent input, allowing fine-tuned models to train on OMOP data.

* Flatten complex datasets. When applications do not require the
richness of the full SNDS or equivalent, we propose simplify-
ing medical data by flattening it into smaller single-table formats
to reduce ambiguity, simplify analysis, and simplify LLM-based
SQL generation. Different analytical needs (e.g., patient, disease,
or treatment-based) may benefit from tailored flat tables, suggest-
ing a use-case-specific flattening strategy.

Back to dynamic query interfaces. To revive key properties of
dynamic queries, in particular rapid, incremental, and reversible
control; selection by pointing, not typing, and immediate, con-
tinuous feedback, we propose extracting SQL subtrees, based on
prior queries or user requests, to generate dynamic query widgets.
Such a mechanism, already explored in [16], supports customiz-
able, context-aware queries built from SQL fragments in the orig-
inal tree. This implementation of the interface logic could be sim-
plified by driving widget generation by an LLM [11] (versus being
manually coded).

5 CONCLUSION

We outline our position in proposing an approach to replace pure
dynamic query interfaces with LLM-generated, editable, and ex-
plained queries. It would promote user agency, allowing users to in-
spect and understand the variable-selection and filtering logic, and
mitigate the unavoidable hallucinations. Our approach preserves
the possibility of using regular dynamic queries for an interactively
selected subset of queries, but provides the scalability needed to
deal with real-world EHR databases in exploratory settings.
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