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ABSTRACT

Exploratory data analysis over complex datasets requires analysts
to formulate and test a large number of statistical hypotheses, a pro-
cess that becomes increasingly di�cult as the combinatorial search
space grows. While traditional visual analytics systems can support
exploration, they still rely heavily on manual hypothesis formu-
lation. Conversely, naive applications of Large Language Models
(LLMs) to raw tabular data often produce super�cial insights or
hallucinated conclusions due to the lack of statistical grounding.
We present Hypothesis Exploration with LLM-driven Intelli-

gentOrchestration System (HELIOS), an interactive, multi-agent
visual analytics system that combines automated hypothesis discov-
ery with LLM-based analytical synthesis. Candidate hypotheses are
statistically evaluated and ranked according to coverage, diversity,
impact, and homogeneity, while specialized agents synthesize the
results into interpretable narratives and suggest further analyti-
cal directions. In this demonstration, users can upload their own
datasets or use available sample datasets to explore relationships
among demographic, contextual, and behavioral attributes. This
setting allows analysts to investigate which attribute combinations
drive higher values of a target metric for speci�c subgroups, how
contextual or temporal factors in�uence outcomes, and which sub-
populations exhibit distinct or unexpected patterns.
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1 INTRODUCTION

Exploratory data analysis based on multiple hypothesis testing has
become an important approach for extracting insights from complex
datasets, often requiring analysts to formulate and validate a large
number of statistical hypotheses [3, 5, 6]. This process is inherently
challenging, as the combinatorial search space of possible subgroups
grows rapidly with the number of attributes.

Traditional visual analytics tools support manual exploration [4],
but analysts must still identify promising hypotheses themselves,
which limits scalability and may introduce cognitive bias. Prior
systems, such as SHEVA [1], address this challenge by automati-
cally generating statistically sound hypotheses using reinforcement
learning and optimizing criteria such as coverage and diversity.
While e�ective in identifying valid hypotheses, these approaches
can be computationally expensive, particularly when training from
scratch, and o�er limited support for interpreting results.

Large Language Models (LLMs) have emerged as accessible tools
for supporting data analysis tasks [7], enabling natural language
interaction, summarization, and explanation. However, LLMs alone
are not well-suited for statistical discovery, as they lack rigorous
mechanisms for conditional hypothesis testing and may rely on
super�cial correlations or produce unsupported conclusions.

To address these limitations, we present HELIOS, an interactive
system that extends prior work [1] through an orchestrated multi-
agent architecture that integrates automated hypothesis discovery
with analytical synthesis. Rather than relying on a single model,
HELIOS coordinates specialized agents that collaboratively explore
the hypothesis space, guided by user intent and dataset context.
The Hypothesis Agent generates candidate subgroups, which are
subsequently validated through statistical tests (e.g., t-tests, chi-
square tests, and Kolmogorov–Smirnov tests) to ensure signi�cance
before being passed to agents for interpretation and further analysis.

The key contribution of HELIOS lies in a coordinated, human-
in-the-loop multi-agent work�ow, in which agents assume roles
in exploration, validation, and interpretation. This orchestration
enables systematic navigation of large hypothesis spaces while pre-
serving statistical rigor and improving interpretability. We demon-
strate HELIOS using benchmark and user-uploaded datasets, as
well as real-world data, highlighting its ability to uncover mean-
ingful, non-trivial patterns across diverse analytical scenarios.
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2 THE HELIOS SYSTEM

HELIOS is a multi-agent system that combines automated statisti-
cal discovery with LLMs to support interactive, hypothesis-driven
data analysis. As illustrated in Figure 1, the architecture is organized
into three main components: data preparation, hypothesis genera-
tion and validation, and LLM-driven narrative synthesis. Together,
these components enable analysts to move from raw tabular data
to interpretable insights while preserving statistical rigor.

2.1 Data Preparation

The �rst stage prepares the dataset for hypothesis discovery. The
user uploads a dataset and speci�es a target variable represent-
ing the outcome of interest. Numerical attributes are optionally
discretized to enable subgroup-based comparisons.

During this phase, the system performs automatic data pro�l-
ing to extract descriptive statistics and structural properties of the
dataset, including attribute distributions (e.g., mean, median, mode),
frequent values, missingness, and candidate categorical partitions.
These summaries provide contextual information that guides both
hypothesis generation and subsequent interpretation. The user may
also specify an exploratory query (e.g., “What patterns exist across

di�erent regions?” ), which steers the search toward relevant data
regions. HELIOS does not impute missing values. Each test uses
complete cases for its target and subgroup attributes, while cov-
erage remains relative to the original dataset. The pro�le reports
missingness, and candidates with insu�cient observations are re-
jected with a warning; hence, severely incomplete data are not
treated as complete. The output of this stage is a structured repre-
sentation of the dataset enriched with statistical summaries and
user intent, which is passed to the hypotheses generation module.

2.2 Hypothesis Generation and Validation

The second stage explores the hypothesis space and identi�es sta-
tistically signi�cant hypotheses. The Hypothesis Agent receives
(1) a data context, which comprises a semantic description of the
dataset and global statistics for all attributes, and (2) a user-de�ned
query that provides guidance for focusing on speci�c goals.

Given this data context and the selected target variable, the sys-
tem generates hypotheses aligned with the user’s speci�ed goals.
Each hypothesis represents an assertion about the value or dis-
tribution of the target variable within a data region, de�ned as a
subgroup characterized by a combination of attribute conditions
(e.g., occupation = ‘Programmer’ AND age = ‘18–24’). Ap-
propriate statistical tests are applied to evaluate each hypothesis
and determine whether the observed deviation from the global
baseline is statistically signi�cant. Only hypotheses that satisfy the
signi�cance criteria are retained and presented to the user. The
query is a soft constraint: named attributes are prioritized, whereas
an open-ended prompt such as “�nd interesting patterns” triggers
exploration across all eligible attributes using the data pro�le. Both
modes undergo identical statistical validation and ranking.

The resulting hypotheses are ranked using multiple comple-
mentary criteria. Let � denote the dataset and �8 ⊆ � the subset
covered by hypothesis ℎ8 . Each hypothesis is evaluated according
to: (i) q-value, controlling false discoveries via FDR [2]; (ii) coverage,
de�ned as |�8 |/|� |; (iii) diversity, measured via pairwise Jaccard
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Figure 1: HELIOS System architecture.

distance; (iv) impact, de�ned as ` (�8 )/` (�); and (v) homogene-

ity, de�ned as 1/f2 (�8 ). The q-value serves only as an eligibility
�lter, discarding candidates above the con�gured FDR threshold.
The remaining candidates are ranked by the min–max normalized
combination of coverage, diversity, impact, and homogeneity as
( (ℎ8 ) =

1

4

(
�̂8 +�̂8 + �̂8 +�̂8

)
. The demo uses equal weights by default

but supports con�gurable weighting schemes.

2.3 LLM-driven Summary and Next-Steps

The �nal stage presents the validated hypotheses and supports an
iterative analysis process, bridging statistical discovery and human
interpretation by transforming results into actionable insights. Hy-
potheses are displayed through an interactive dashboard that o�ers
multiple perspectives, including a structured table of statistical
quality metrics (e.g., q-value, coverage, and impact), a collapsible
Tree View for inspecting condition hierarchies, and visualizations
such as Sunburst charts for high-level analysis.

Interpretation is provided by two LLM agents. The Narrator
Agent generates coherent analytical narratives that summarize key
�ndings and highlight their implications, optionally incorporating
external knowledge to provide plausible explanations for observed
patterns. The Next-Steps Agent analyzes the current results and
suggests directions for further exploration, guided by user intent.
These suggestions may include re�ning subgroup de�nitions, ex-
ploring alternative perspectives, or generating new hypotheses.

Narratives separate validated results from conjectural expla-
nations: numerical claims come from validated records, and any
suggested subgroup must be tested before becoming a �nding. This
reduces, but does not eliminate, hallucination risk.

All insights and recommendations are presented to the user, who
can iteratively re�ne the analysis by updating the intent and ex-
ploring new hypotheses. The orchestration is sequential: predicates
are validated and ranked by a non-LLM module before reaching the
Narrator and Next-Steps Agents, preventing LLMs from modifying
statistical results or reinstating rejected hypotheses.

3 HELIOS USER INTERFACE

The HELIOS interface is designed to support the full analysis
work�ow through a single-page web application that emphasizes
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Figure 2: HELIOS user interface: (a) loading a dataset for analysis and (b) entering a user query.

usability and interactive exploration. Rather than exposing the
underlying system components, the interface centers the interaction
around a natural language query, guiding users from data input
to insight generation in a structured yet �exible manner. Users
need not know which attributes matter. After selecting an outcome,
HELIOS produces a cross-attribute overview with ranked evidence
and next-step suggestions for iterative re�nement.

Users begin by uploading a dataset and selecting a target variable.
A key element of the interface is the ability to express analytical in-
tent as a natural-language query (e.g., identifying factors associated
with a target variable or characterizing speci�c subgroups), which
directly drives the hypothesis exploration process (Figure 2). Users
also select the model and output size; temperature appears only for
models that support it. Together, these controls allow users to steer
the analysis while maintaining �exibility across di�erent use cases.

Once the analysis is executed, results are presented through
coordinated visualizations that support comparison, �ltering, and
navigation. The main Table View displays hypotheses ranked by
their overall score, allowing users to quickly identify the most
relevant patterns. Complementary views, such as the Tree View and
Sunburst View, provide hierarchical perspectives on the hypothesis
space, helping users understand how subgroups are constructed
and how di�erent attribute combinations relate to one another.

The interface further supports iterative exploration by integrat-
ing system-generated narratives and recommendations directly into
the work�ow. Users can inspect explanations, explore suggested
directions, and re�ne their analytical intent without leaving the
environment. This tight integration between interaction, visualiza-
tion, and guidance enables users to continuously explore, validate,
and extend their analysis in a cohesive manner.

Figure 3 provides an overview of the interface, combining tabular
and hierarchical visualizations of hypotheses with agent-generated
summaries and recommendations for continued exploration.

4 CASE STUDY

We present a case study evaluating HELIOS using a subset of the
Stanford Open Policing Project dataset comprising 86,113 tra�c
stop records from Rhode Island, with the binary arrest indicator
as the target variable. The system is con�gured to support a civil
rights audit by jointly optimizing statistical signi�cance, impact,
coverage, diversity, and subgroup homogeneity. The Hypothesis
Agent explores three complementary strategies: identifying sub-
groups with high arrest likelihood (procedural precursors), low
arrest likelihood (privilege pro�les), and high outcome variability
(discretionary inconsistency). All hypotheses are validated using
statistical tests for di�erences in means and variances, with false
discovery rate control to ensure robustness.

The system identi�es several meaningful patterns while �lter-
ing out tautological artifacts such as stop_outcome = ‘Arrest

Driver’. Among the non-trivial �ndings, Black drivers held for
16–30 minutes for an Other Tra�c Violation exhibit a 1.41× higher
arrest rate (coverage: 2.9%, @ = 0.0153), highlighting a signi�-
cant demographic interaction. In contrast, after removing con-
founding factors, older driver cohorts (driver_age_raw_class =

‘1987-8801’) searched for equipment violations show a protective
e�ect with a 0.65× impact lift (coverage: 7.3%, @ < 0.0001). The
system also uncovers patterns of discretionary inconsistency: Black
drivers held for 16–30 minutes without drug involvement present
signi�cantly higher outcome variance (impact lift: 1.11×, cover-
age: 8.0%, @ < 0.0001), suggesting systemic variability rather than
isolated anomalies. These results demonstrate HELIOS ’s ability
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Figure 3: HELIOS displays a table (a) and hierarchy (b) of signi�cant hypotheses. The Narrator agent (c) summarizes the results,

while the Next-Step agent (d) suggests continuations of the exploration process.

to navigate large combinatorial spaces and uncover statistically
robust, socially meaningful subgroup patterns that are di�cult to
identify through manual analysis. This case study demonstrates
feasibility, not superiority; controlled comparisons of discovery
quality, runtime, and narrative factuality remain future work.

5 DEMONSTRATION SCENARIO

In our demonstration, attendees use a provided dataset (e.g., Movie-
Lens) or upload their own, select a target variable, optionally con-
�gure preprocessing (e.g., binning numerical attributes), and spec-
ify a high-level analytical intent. They may also begin with a
vague prompt, relying on HELIOS to identify relevant explana-
tory attributes. A statistical pro�ling module computes descrip-
tive summaries, distributions, missingness indicators, and other
data quality statistics that guide the Hypothesis Agent in propos-
ing statistically testable subgroups. A non-LLM module evaluates
these candidates using appropriate statistical tests, applies multiple-
comparison correction, and retains only validated and diverse hy-
potheses. Results are presented through coordinated Table, Tree,
and Sunburst views with statistical quality metrics. The Narrator
Agent summarizes validated �ndings, while theNext-Steps Agent
recommends re�nements, alternative perspectives, or new hypothe-
ses. Users can inspect the evidence, re�ne their intent, compare
successive iterations, and export the resulting analysis.
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