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ABSTRACT

We present a framework for integrating Natural Language Inter-
faces (NLIs) backed by Large Language Models (LLMs) into data
visualizations to enhance accessibility for users with limited visu-
alization literacy. Given a visualization specified in a structured
JSON schema and its underlying data, the framework enables users
to interact through natural language queries. The LLM interprets
the query, decides whether to respond in text or modify the visu-
alization by updating the specification, and generates answers by
writing and executing code that analyzes the data. To enhance the
reliability, the framework assigns a trustworthiness score to each re-
sponse, derived from the LLM’s performance on comparable tasks
from the revised Visualization Literacy Assessment Test (Mini-
VLAT). Our implementation supports both OpenAI and local mod-
els. We further discuss the pros and cons of these two alternatives
concerning their use in NLIs. Our framework is intended for vi-
sualization designers working with charts of moderate complexity,
such as those used in data journalism or embedded in websites. The
system is available on GitHub at https://github.com/hpicgs/lumos-
trustworthiness.

Index Terms: Natural Language Interfaces, Chart Question An-
swering, Visualization Literacy, Large Language Models.

1 INTRODUCTION

User interfaces and interaction design for visualizations often fol-
low established principles, such as the Visual Information-Seeking
Mantra: “overview first, zoom and filter, then details-on-demand”
[32]. Natural Language Interfaces (NLIs) provide a complemen-
tary approach to interacting with visualizations, providing an in-
tuitive alternative in particular for users with limited visualiza-
tion literacy that can better express their need using natural lan-
guage [9, 12]. Recently, Large Language Models (LLMs) have be-
come popular as backbones of NLIs, as they enable seamless inte-
gration without the need to specify rules, and further provide addi-
tional functionalities, such as logical reasoning, factual knowledge,
and the capability to perform computations by writing and execut-
ing code [15].

This work presents a software framework that enables users to
integrate an LLM-backed NLI into their visualizations. Figure 1 il-
lustrates an example of a visualization extended by our framework.
Our system is conceptualized for scenarios where a visualization
of limited complexity has been created for diverse audiences with
varying levels of visualization literacy. Typical use cases include
public agencies reporting on disease outbreaks [3], news organiza-
tions covering political or economic trends [2], and NGOs commu-
nicating initiatives [7]. Building on the concept introduced by Jobst
et al. [18], our framework requires the visualization designer to pro-
vide two files: (1) the dataset underlying the visualization, and (2)
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an instruction prompt for the LLM that embeds the visualization
specification together with task descriptions and context. Given a
user’s query, the LLM can generate Python code that analyzes the
dataset and executes it to derive an answer, which is then displayed
within the user interface. Additionally, the LLM can modify the
visualization specification to present the answer visually.

A limitation of LLMs is that they are prone to hallucination,
i.e., “[...] instances where the AI system generates factually incor-
rect, irrelevant, or nonsensical responses” [19]. To mitigate this,
our framework incorporates a trustworthiness score that quantifies
LLM performance across a set of nine analytics tasks (e.g., deter-
mining value ranges, finding extrema, deriving values). When a
user submits a query, the LLM first classifies it into one of these
nine task types and then provides both the answer and its corre-
sponding trustworthiness score directly in the user interface. The
trustworthiness score is derived from the LLM’s historical perfor-
mance on the Visualization Literacy Assessment Test (VLAT) [21].
In summary, we make the following contributions:

1. A framework for integrating LLM-based NLIs in visual-
izations with available input data and specifications. Our
system supports both local LLMs and cloud-based models
from OpenAI. The framework can be accessed on GitHub:
https://github.com/hpicgs/lumos-trustworthiness.

2. The introduction of a trustworthiness score that quantifies the
reliability of the output based on historical results on a visual-
ization literacy assessment test. In particular our test can be used
in further studies.

3. A discussion on the performance of local LLMs and GPT mod-
els based on our own set of experiments.

2 RELATED WORK

Chart Question Answering (CQA) systems, as defined by Hoque
et al., “[. . . ] take a chart and a natural language question as in-
put and automatically generate the answer to facilitate visual data
analysis” [13]. Within this broader category, NLIs are systems that
“[. . . ] interpret a user’s natural language queries as input and out-
put appropriate visualizations” [31]. This definition encompasses
a range of techniques, particularly those that generate visualizations
from scratch, e.g., by writing code and executing it. For instance,
Dibia proposed a three-stage pipeline that incrementally produces
visualizations using libraries such as Matplotlib [8]. Tian et al. pro-
posed a similar pipeline for generating visualizations using GPT
models [36]. Although LLMs already show good performance in
generating visualizations, their outputs usually require manual edit-
ing by the designer and are limited to basic visualizations without
customized optics [34, 38].

Our work addresses a different scenario, in which the visualiza-
tion is already provided rather than generated from scratch. In this
setting, the NLI functions as part of the UI, enabling the user to
pose questions about the existing visualization. For this use case,
Multimodal Large Language Models (MLLMs) have been applied
as CQA systems [1, 11, 23, 41, 42]. MLLMs possess built-in capa-
bilities for extracting visual features from charts and responding to
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Tooltip on Click

Figure 1: Illustration of our NLI integration. Users can query the choropleth map visualization of U.S. state unemployment rates (right) directly
through the chat interface (middle). In this example, the LLM identifies the states with the highest unemployment rate by generating and executing
Python code, then returning the result. The three states are automatically highlighted in the visualization. By clicking the star icon, the user can
view the model’s performance score for the Find Extremum task.

related questions. However, they currently cannot modify the visu-
alization and often produce results of insufficient quality, limiting
reliable deployment.

To overcome the limitations of MLLM-based approaches, Bursz-
tyn et al. proposed using a formal specification of visualizations
rather than image-based inputs [4]. In a study comparing the per-
formance of LLMs and MLLMs in explanation generation and
question answering, their method demonstrated competitive results.
Narechania et al. introduced NL4DV, a system that interprets nat-
ural language queries by extracting relevant data attributes and an-
alytic tasks, and then generates a corresponding Vega-Lite specifi-
cation [27]. Choe et al. introduced a system that also relies on a
visualization specification and the underlying data, enabling it to
modify the visual output to help users learn new visualizations [6].
Similarly, Jobst et al. adopted this architecture for a 2.5D treemap
in the software visualization domain [17], and later proposed a con-
cept for an architecture to support visualization grammars in gen-
eral [18]. Our system builds on this line of work and requires the vi-
sualization designer to provide a visualization specification as well
as the underlying data.

Commercial systems also integrate NLIs into their visualization
environments [10, 20, 24–26, 30, 33, 35, 37]. While the exact inte-
gration methods are not disclosed, the limited flexibility in visu-
alization options and reliance on predefined selection possibilities
suggest an approach similar to ours. Such restrictions likely serve
to reduce errors and ensure reliability, aligning with prior observa-
tions about constraining model outputs in visualization generation.

3 CONCEPT

Our system enables textual and visual outputs, e.g., highlighting ar-
eas of interest, covering the full spectrum of CQA tasks in the case
of given data [13]. To foster user trust, we introduce a trustworthi-
ness score derived from historical performance.

3.1 Unified API & System Architecture
We expose a provider-agnostic chat API that routes requests to Ope-
nAI or local Ollama models. If supported by the underlying model,
a code interpreter can execute Python code to analyze uploaded
datasets. The UI is responsible for parsing control information of

the response message and apply visualization updates, and displays
answers with their trustworthiness score.

3.2 Instruction Prompt & Visualization Specification
The instruction prompt consists of three main components: (1)
Overall context, (2) Task classification with integration of the trust-
worthiness score, and (3) Output specification with a JSON schema.
The instruction prompt for our choropleth map example is shown in
Figure 2 and Fig. 3. The first component establishes the overall con-
text for the LLM. It explains the underlying dataset columns and, in
our example, also provides a sample data point. Additionally, the
visual mapping is described to help the LLM understand how data
attributes correspond to visual elements. Questions are categorized
into nine task types defined by the VLAT. Instead of employing a
dedicated text classifier, we rely on the LLM to perform this down-
stream classification. We provide classification examples using the
few-shot learning prompting technique to support this process [39].
Finally, the JSON schema enforces a consistent response structure,
specifying both visual mappings and task classification.

3.3 Trustworthiness Score
Standardized tests such as the VLAT [21] and its shortened ver-
sion, the Mini-VLAT [28] assess visualization literacy, i.e., “[...] the
ability and skill to read and interpret visually represented data and
to extract information from data visualizations”. These multiple-
choice tests cover 12 chart types and tasks (e.g., retrieving values,
finding extrema, determining ranges). The VLAT variants have also
been applied to LLMs [1, 11, 23, 29]. To help users quantify the
reliability of an LLM’s response, the system displays the VLAT
performance associated with the relevant analytical task alongside
each answer, as illustrated in Figure 1.

To benchmark our metric, we used the Mini-VLAT, as the full
VLAT dataset is unavailable. We extended the Mini-VLAT1 by
constructing additional items to match the original test length,
yielding an “alternative VLAT” of 53 questions. GPT-4o was eval-
uated on these items, with each question repeated three times to
reduce variance [1] using the evaluation framework of Jobst et

1https://osf.io/46rt8/files/osfstorage and GitHub [40]
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Overall Task Section

You are the reasoning engine behind a natural language

interface for a visualization system that displays a

choropleth map. You are provided with a CSV file named

‘Mini-VLAT-ChoroplethDataset.csv‘, which is visualized

as a choropleth map. Your task is to interpret user

questions, analyze the chart and its underlying data,

and respond with accurate, concise answers. You may

also output control information that affects how the

chart is rendered or interpreted.

Contextual Priming

The dataset ‘Mini-VLAT-ChoroplethDataset.csv‘ contains

the unemployment rate for states in the US for the

year 2020. It has four columns: ‘state‘, ‘value‘,

‘code‘ and ‘id‘. For example, the unemployment rate for

Nebraska in 2020 was 4.2.

Visualization Section

The chart is a choropleth map configured as follows:

- The color scale represents ‘value‘.

Output Section

Respond to user questions with clear, concise answers

grounded in the chart and data. Do not fabricate

information. Only respond based on what can be inferred

from the chart or data.

Task Classification Section

You must classify every user message into one or more of
the following predefined visualization reasoning tasks:

- Retrieve Value
- Find Extremum
- Determine Range
- Characterize Distribution
- Find Anomalies
- Find Clusters
- Find Correlations/Trends
- Make Comparisons
- Identify the Hierarchical Structure

If the message does not match any of these task types,
assign "None".

Classification Output Format

Include the classification in the "task classification"

field of the control information JSON object. It must

be an array of one or more task names, even if only one

is assigned.

- Always classify every message.
- Do not explain or justify your classification.
- The classification must appear only in the JSON block,

using valid JSON syntax.

Reasoning Guidelines

- Classify based on semantic intent, not keyword

matching.
- Multiple tasks may apply to a single message.
- Use reasoning about the user’s goals and expectations.
- Always output valid JSON.
- Do not add markdown, comments, or explanations around

the JSON.

Classification Examples

User Message Task Classification

What was the price of oil in May 2020? ["Retrieve Value"]

When was the oil price highest in 2020? ["Find Extremum"]

What was the range of oil prices in 2020? ["Determine Range"]

How much did the oil price fall between March and April? ["Make Comparisons"]

Which month looks like an outlier in the trend? ["Find Anomalies"]

Did oil prices form any natural clusters? ["Find Clusters"]

Can I export the data file? ["None"]

Figure 2: Part of the prompt which contains the general system de-
scription, visualization and dataset information as well as the task
classification description with few shot learning examples.

al. [16]. Results were then aggregated by task type. These scores
form the trustworthiness values reported by our system.

4 IMPLEMENTATION

The framework is implemented as a client–server application. The
backend is built with Node.js and the Express framework, using
Mongoose to manage connections to a MongoDB database. It en-
capsulates the API layer, which provides endpoints for uploading
datasets and prompts, creating chat sessions, and generating mes-
sage responses. The frontend is implemented as a React-based web
application. It provides a reusable set of components, including
forms for session creation and a chat controller that manages inter-
actions with the language models.

Integration with LLMs is realized through a unified API layer.
This layer defines a general interface and common data structures
for chat interactions and internally translates requests to the re-
spective provider APIs, e.g., OpenAI or Ollama. Currently, only
a session-based chat interface is supported. For Ollama models,
the full conversation history is persisted, whereas for OpenAI mod-
els only the session parameters are stored and the dialogue text
is retrieved live from the API to avoid duplication. Prompts are
managed as persistent entities in the system. They must be up-
loaded in advance and can then be used in chat sessions. While not
yet modular, this design ensures consistency across sessions and
simplifies evaluation of different prompt configurations. Since Ol-
lama does not provide built-in code execution, we integrate the llm
sandbox2 project. This component executes Python code in an iso-
lated Docker container with controlled access to the required data
files. Code execution is only available for Ollama models that sup-
port tool calls. This mechanism enables the LLM to perform data
analysis tasks securely and return computational results alongside
textual or visual outputs. The NLI allows the LLM to modify the
visualization by generating an updated specification according to
the schema given in the prompt seen in Figure 3. This specification
is returned as part of the model’s response, extracted and parsed
by the session chat controller in the frontend, and passed to par-
ent components via callback. The parent component then decides
whether to update the visualization or provide alternative feedback.

The system is publicly available on GitHub as a Docker Com-
pose setup. An automated initialization routine configures all
required artifacts, including Mini-VLAT resources and sample
prompts, enabling a minimal working deployment with a single
command.

5 DISCUSSION

Our system enables interaction with different LLMs through a uni-
fied API. The API is session-based and preserves a persistent mes-
sage history, with built-in code interpreter integration, in a man-
ner conceptually similar to the OpenAI Assistant. In our experi-
ments, we observed clear performance differences between Ope-
nAI’s models and local Ollama models. OpenAI’s models consis-
tently showed higher performance concerning visualization liter-
acy. In contrast, Ollama models offer a cost-effective alternative
and, in some cases, provide faster responses. Based on these find-
ings, we recommend using OpenAI’s models in operation, where
accuracy is essential, while relying on local models for testing
and development, where cost-efficiency and rapid iteration are of
greater importance.

We want to point out that our trustworthiness score is based on
an extended version of the Mini-VLAT. While this provides a useful
proxy for assessing model reliability, it remains unclear how well
the scores generalize to broader analytic tasks or more complex vi-
sualizations.

2https://github.com/vndee/llm-sandbox/



Control Section

You may output control information in a JSON object

to influence the display of the choropleth map.

This control information must appear at the end

of your textual response and must be enclosed in a

markdown-style JSON code block:

‘‘‘json

{ "fill": "value", "highlight": [],

"task_classification": ["Retrieve Value"] }

‘‘‘

When to Use Control Output

Proactively include control information if it supports

or enhances your answer. For example, highlight

outliers when asked about anomalies, or confirm axis

mappings when reasoning about trends.

Do not explicitly state that you are providing control
output. Avoid phrases like "Here is the configuration"

or "I will now provide the control information."

Control JSON Schema

{ "$schema":
"http://json-schema.org/draft -07/schema#",

"type": "object",

"properties": {

"fill": {

"type": "string",

"description": "Data variable mapped to

fill color of data points",

"default": "value"

},

"highlight": {

"type": "array",

"description": "Indices of highlighted

observations in the chart. If empty, all

observations will be displayed normally.",

"items": { "type": "number" },

"default": []

},

"task_classification": {

"type": "array",

"items": {

"type": "string",

"enum": [

"Retrieve Value",

"Find Extremum",

"Determine Range",

"Characterize Distribution",

"Find Anomalies",

"Find Clusters",

"Find Correlations/Trends",

"Make Comparisons",

"Identify the Hierarchical Structure",

"None"

]

},

"description": "The task(s) identified

from the user’s message"

}

},

"required": [ "fill", "task_classification" ],

"additionalProperties": false }

Figure 3: Control section part of the prompt which describes how
the LLM can interact with the UI. In our choropleth map, the LLM
can change the dataset variable used as the reference for the color
gradient and highlight states.

6 CONCLUSIONS

NLIs offer a complementary way of interacting with visualizations.
They can be particularly valuable for users with limited visualiza-
tion literacy, who may find it easier to communicate through natural
language. In this work, we presented a system that enables visual-
ization designers to integrate an LLM-powered NLI into their visu-
alizations, given the underlying dataset and an instruction prompt
that includes a visualization specification. Our implementation is
available on GitHub, and the provided example instruction prompt
serves as a blueprint for further customization thus requiring only
little effort in the setup.

As future work, we plan to expand the capabilities of our system,
e.g., by incorporating additional hallucination identifiers [14, 22]
and by integrating LLMs from a wider range of providers. More-
over, evaluating LLM performance on additional benchmarks, e.g.,
the CALVI, would enable our system to quantify the reliability of
the output for a broader set of tasks [5,28]. We intend to explore un-
certainty visualizations as a means of conveying the trustworthiness
score more effectively. In addition, integrating human feedback to
update trustworthiness scores could help improve reliability over
time. Finally, we aim to streamline integration with data providers
like Statista by automatically extracting both the visualization spec-
ification and the underlying data directly from HTML files.
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Azem, and B. J. Jansen. “You Always Get an Answer”: Analyz-
ing users’ interaction with AI-generated personas given unanswerable
questions and risk of hallucination. In Proceedings of the 30th Inter-
national Conference on Intelligent User Interfaces, IUI ’25, pp. 1624–
1638. ACM, 2025. doi: 10.1145/3708359.3712160 1

[20] Knowi. Natural language BI, 2025.
URL: https://www.knowi.com/natural-language-bi. 2

[21] S. Lee, S.-H. Kim, and B. C. Kwon. VLAT: Development of a visu-
alization literacy assessment test. IEEE Transactions on Visualization
and Computer Graphics, 23(1):551–560, 2017. doi: 10.1109/TVCG.2016
.2598920 1, 2

[22] F. Leiser, S. Eckhardt, V. Leuthe, M. Knaeble, A. Mädche,
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