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DFCollection: Scalable and Hierarchical Visual Exploration of Data Facts
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Abstract

Exploratory data analysis (EDA) aims to uncover meaningful data facts that support understanding and decision-making. However,
existing automated EDA systems still face challenges in scalability, hierarchical exploration, and similarity computation across
heterogeneous subspaces. To address these issues, we introduce the concept of fact collections, which organize data facts according
to shared subspace dimensions for scalable and hierarchical exploration. We develop DFCollection, a scalable and hierarchical
visual analytics system for data exploration. The system comprises a Data Preparation module for fact extraction and similarity
computation and a Data Exploration module with three coordinated views: the Collection View for an overview of collections, the
Collection-Fact View for hierarchical exploration, and the Fact View for similarity visualization. The Fact Gallery additionally
supports recording and reviewing interesting findings. We evaluate DFCollection through two usage scenarios and a user study
with 13 participants. The results demonstrate that DFCollection effectively improves the scalability, interpretability, and usability

of data fact exploration.
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1. Introduction

Exploratory Data Analysis (EDA) focuses on uncovering in-
teresting facts and gaining knowledge from data (Tukey, 1977;
Jebb et al., 2017; Jankun-Kelly et al., 2007). Data facts obtained
through EDA play a crucial role in facilitating further analysis
and supporting decision-making. In recent years, many auto-
matic and interactive EDA tools have been developed, some
of which advance beyond identifying individual data facts to
exploring the relationships among them by incorporating sim-
ilarity metrics and analyzing overall distributions (Chen et al.,
2024; Wu et al., 2025; Jiang et al., 2025).

Despite the rapid development of automated EDA tools, we
identify three major challenges that remain. Firstly, scalabil-
ity issues persist. Existing tools, such as Calliope-Net (Chen
et al., 2024), perform effectively only when handling a limited
number of data facts, to avoid visual clutter and preserve the
readability of individual glyphs. Other tools, like FactExplorer
(Jiang et al., 2025), attempt to incorporate more data facts but
consequently produce visually overwhelming results. This in-
dicates that, although datasets may contain numerous data facts,
current tools can only effectively present a limited subset. Sec-
ondly, supporting exploration over large numbers of data facts
remains challenging. Prior studies suggest that hierarchical or-
ganizations can facilitate navigation in complex information
spaces (Hornof, 2004; Miiller et al., 2017). However, most ex-
isting tools present data facts in flat similarity-based layouts,
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making it difficult to explore relationships at different levels of
granularity. Our literature review indicates that hierarchical or-
ganization of data facts remains largely underexplored. Thirdly,
comparing relationships among large numbers of data facts also
remains challenging. Since each data fact is associated with a
subspace defined by filters, similarity computation depends not
only on fact properties but also on the structures of their corre-
sponding subspaces. Existing approaches (Dennig et al., 2024)
mainly rely on simple overlap-based similarity metrics, which
may become difficult to interpret when facts originate from sub-
spaces with different dimensionalities.

To address these challenges, we present DFCollection, a
novel analytics system for scalable and hierarchical visual ex-
ploration of Data Facts through grouping them into Collec-
tions, which can accommodate a substantially greater number
of data facts while maintaining scalability compared to existing
systems. Specifically, we introduce the concept of fact collec-
tion, which groups data facts sharing the same subspace dimen-
sionality into a single collection, thereby improving scalabil-
ity, enabling hierarchical exploration, and ensuring meaning-
ful subspace similarity computation. Unlike traditional group-
by or Online Analytical Processing (OLAP) operations, fact
collections organize automatically extracted analytical facts by
shared subspace semantics. DFCollection groups facts with
the same filter attribute set, enabling consistent similarity com-
putation and hierarchical exploration, transforming large, iso-
lated facts into structured units that support scalable navigation,
overview-to-detail exploration, and interpretable comparison.

The framework of DFCollection comprises two primary
modules: Data Preparation and Data Exploration. In the Data
Preparation module, DFCollection employs a customized au-
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Figure 1: The interface of DFCollection. (A) The Collection View provides an overview of all collections, including statistical distributions of index, type count,
and filter count (A1), and visualizes the overall spatial layout of fact collections (A2). (B) The Collection-Fact View reveals the hierarchical relationship between
a collection and its contained facts. (C) The Fact View presents a summary of the facts within a selected collection, showing both the score distribution and type
counts (C1), and visualizing their spatial layout based on similarity with score-density cues (C2). (D) The Fact Gallery displays details of the currently selected
fact and records those marked as interesting during exploration, supporting the construction of personalized data stories.

tomated pipeline that extracts data facts from the dataset, or-
ganizes them into collections, and computes similarities both
among individual facts and between collections. The Data Ex-
ploration module offers three coordinated visualization views
to facilitate interactive exploration. The Collection View adopts
a Voronoi-style layout to depict the spatial distribution of fact
collections and assist users in selecting regions of interest. The
Collection—Fact View reveals multidimensional relationships
and hierarchical distribution of data facts within the selected
collection, allowing users to explore data facts at multiple lev-
els with different attribute focuses. The Fact View provides a
detailed similarity-based layout of facts within the chosen col-
lection and supports score-density identification. Additionally,
DFCollection includes the Fact Gallery, enabling users to in-
spect individual fact details, document discovered patterns, and
construct personalized data stories based on their exploration
process. We present two usage scenarios and in-depth user in-
terviews to demonstrate the effectiveness and usability of our
system. The key contributions of this paper are as follows:

e We introduce the concept of fact collection, which groups
data facts according to their subspaces to enable scalable
and hierarchical exploration.

e We develop an interactive system with a complete frame-
work comprising two modules, and publicly release
both the system implementation and demo video at
https://github.com/1yk6666/DFCollection.

e We adapt and extend existing visualization techniques to
the context of data facts, enabling the illustration of their
distributions, hierarchies, and relationships.

e We evaluate the effectiveness of our system through two
usage scenarios and user interviews with 13 participants.

2. Related Work

In this section, we review the prior studies on automatic fact-
driven tools, hierarchical and multidimensional visualization,
and similarity metrics for categorical data.

2.1. Fact-driven Exploration Tools

Over the past decade, research on automatic fact-driven tools
has evolved from analyzing raw data to structuring knowledge
as data facts that capture meaningful patterns. Early systems
such as Foresight (Demiralp et al., 2017) introduced fact classes
and interactive ranking pipelines, while Top-K Insights (Tang
et al., 2017) formalized a computational framework for identi-
fying top-k facts. QuickInsights (Ding et al., 2019) proposed
a unified fact formulation later integrated into Microsoft Power
BI, and Metalnsight (Ma et al., 2021) expanded this by classi-
fying facts into specific types with an efficient mining method.

Recent studies have increasingly explored intelligent visual-
ization recommendation, automated visual insight mining, and
fact-driven analytical workflows. Lian et al. (2025) provide a
recent survey of visual insight mining, summarizing how visu-
alization connects data and insights through tasks such as visu-
alization generation, visualization recommendation, chart ques-
tion answering, and insight generation. Building on this broader
research landscape, LIDA (Dibia, 2023) uses LLMs to gen-
erate grammar-agnostic visualizations and infographics, while
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Figure 2: The DFCollection framework comprises two main modules: Data Preparation and Data Exploration. Data Preparation automatically extracts data facts
from the dataset, groups them into collections, and computes similarities among them. Data Exploration enables users to navigate through the Collection View,
Collection—Fact View, and Fact View, and to examine details via the Fact Gallery, allowing them to construct a data story based on their exploration history.

LLM4Vis (Wang et al., 2023) focuses on explainable visual-
ization recommendation through natural-language interaction.
DashChat (Shen et al., 2026) supports dashboard authoring with
LLM-powered agents, DracoGPT (Wang et al., 2025) extracts
visualization design preferences from LLMs, and Prompt4Vis
(Li et al., 2024c) improves tabular data visualization through
example mining and schema filtering. Explanova (Huang,
2026) further explores automatic insight discovery from N x M
tables by combining explainable Al techniques with an LLM
workflow. InsightPilot (Ma et al., 2023) integrates an LLM
and fact engine to generate multi-step explorations, while In-
sightLens (Weng et al., 2025) employs an LLM-agent frame-
work for automated fact recording and organization. InRe-
AcTable (Aodeng et al., 2025) enhances story construction by
linking insights structurally and semantically, and Calliope (Shi
et al., 2021) uses a logic-driven Monte Carlo tree search to as-
sess fact importance. InkSight (Lin et al., 2024) enables sketch-
based subset selection for tailored fact recommendations, In-
sighTable (Li et al., 2025) applies deep reinforcement learn-
ing for hierarchical fact discovery, and InsightCube (Zhang
et al., 2025) introduces a cube structure for efficient fact re-
trieval. Datashot (Wang et al., 2020) compiles salient facts into
presentation-ready data shots. Similar to Colnsight (Li et al.,
2024a), our system also allows users to record patterns and
construct personalized data stories. Compared with current in-
telligent recommendation and LLM-powered systems, DFCol-
lection addresses a complementary problem: the scalable or-
ganization of large heterogeneous fact spaces. While existing
approaches mainly focus on chart generation, visualization rec-
ommendation, or conversational assistance, DFCollection orga-
nizes extracted data facts into semantically consistent analytical
units for structured visual exploration. In addition, DFCollec-
tion offers advantages in determinism, transparency, and user
control through interpretable hierarchical fact organization.

Recent work also extends beyond individual facts to ex-
plore their relationships and distributions. Calliope-Net (Chen

et al., 2024) models facts as graph nodes with annotation rout-
ing, and Colnsight (Li et al., 2024a) visualizes fact relations
through a nested graph. InsightMap (Wu et al., 2025) intro-
duces similarity-based mapping, and FactExplorer (Jiang et al.,
2025) integrates logical and visual representations for com-
prehensive overviews. Unlike these systems, which primar-
ily focus on visualizing relationships or similarity distributions
among facts, DFCollection emphasizes the scalable and hier-
archical organization of related facts. By grouping facts ac-
cording to shared filter attribute sets, our system supports inter-
pretable similarity computation, transparent hierarchical struc-
tures, and user-controlled navigation across fact collections.

2.2. Hierarchical and Multidimensional Visualization

We have investigated a range of hierarchical and multidimen-
sional visualization techniques that facilitate hierarchical explo-
ration. Traditional techniques such as Treemap (Shneiderman,
1992) represent nested structures with packed rectangles whose
areas encode quantitative values, while Sunburst charts (Stasko
and Zhang, 2000) extend this idea into a radial form to empha-
size hierarchical depth. Star plots (Chambers et al., 2018) ar-
range attributes along radial axes for quick comparative profil-
ing, and Circle packing (Wang et al., 2006) illustrates grouping
relationships through nested circles. Similarly, Chernoff faces
(Chernoff, 1973) map multiple variables to facial features, pro-
viding an expressive yet abstract summary of complex data.
Area-proportional set diagrams (Chow and Ruskey, 2003) vi-
sualize overlaps by matching geometric area to data magnitude,
whereas Parallel Coordinates (Inselberg, 1985) align attributes
along parallel axes to reveal inter-variable correlations.

Recent tools like Hi-D Map (Reza and Watson, 2019) par-
tition data along ordered dimensions to enable structured nav-
igation, and Categorical Data Map (Dennig et al., 2024) po-
sition items based on categorical similarity to highlight re-
lated patterns. Data Context Maps (Cheng and Mueller, 2016)
unify items and attributes in a shared projection for integrated



reasoning. Parallel Hierarchies (Vosough et al., 2018) visu-
alize multiple hierarchies and their cross-links. In addition,
Star Coordinates (Kandogan, 2001) project high-dimensional
attributes onto radial axes for interactive overview and explo-
ration. Among these techniques, Hi-D Map (Reza and Watson,
2019) aligns closely with our system design, as we build on its
visualization approach to develop the Collection—Fact View for
depicting the hierarchical distribution of facts within a selected
collection. We also adopt a Voronoi-style visualization for col-
lections inspired by Categorical Data Map (Dennig et al., 2024).

2.3. Similarity Metrics for Categorical Data

Since the subspaces of data facts can be represented as com-
binations of filters across categorical attributes (Ding et al.,
2019; Tang et al., 2017; Shi et al., 2021), we draw on prior
studies of categorical data similarity and visualization to in-
form our subspace similarity computation. Similarity met-
rics for categorical data have been systematically examined in
prior evaluations (Sulc and Rezankovd, 2019; Boriah et al.,
2008). Common approaches include Goodall’s index (Goodall,
1966), which emphasizes matches on rare categories. Lin’s
information-theoretic measure (Lin, 1998) balances shared and
total descriptive information. Eskin’s metric (Eskin et al., 2002)
adjusts for attribute arity to mitigate chance agreement. In-
verse occurrence frequency (Jones, 2004) down-weights com-
mon values. In DFCollection, we employ Linl (Boriah et al.,
2008), an extended version of Lin’s similarity measure, to eval-
uate the similarity between subspaces.

3. System Design

To enable scalable and hierarchical exploration, we derived
the design requirements from existing studies and their limita-
tions, and developed the overall framework of our system.

3.1. Design Requirements

Our goal is to enable users to efficiently conduct scalable and
hierarchical visual exploration of datasets containing numerous
data facts in a structured manner, while also allowing them to
review and record those they find interesting. To accomplish
this, we identify five key requirements based on a comprehen-
sive literature review:

R1: Automatic Fact Extraction. Datasets typically com-
prise numerous subspaces, making it crucial to efficiently iden-
tify and extract meaningful data facts while minimizing redun-
dant computations on uninformative subspaces or insignificant
results (Ding et al., 2019; Tang et al., 2017). To achieve this,
the fact-mining algorithm should align with the overall system
design and integrate effective strategies to filter out results that
fall below predefined thresholds.

R2: Observation of Overall Distribution Patterns. Be-
yond examining individual data facts, users should be able to
explore the overall distributions of both data facts and their col-
lections (Jiang et al., 2025; Wu et al., 2025). Achieving this
requires the development of appropriate similarity metrics for
comparing facts and collections, which can in turn guide layout

design (Jiang et al., 2025; Chen et al., 2024). Such metrics en-
able users to reason not only about individual elements but also
about the broader patterns and relationships among them.

R3: Scalable Visualization. Given that the system must
present numerous data facts within a constrained display space,
a scalable grouping and visualization strategy is essential. Di-
rectly projecting all data facts can quickly lead to visual clut-
ter as their number increases. Therefore, it is important to
design effective grouping mechanisms and visualization tech-
niques that maintain readability and detail while minimizing
clutter. Such strategies should also support smooth transitions
from overview to detail, enabling users to navigate large fact
spaces efficiently (Pienta et al., 2015; Qin et al., 2020).

R4: Hierarchical Exploration. To enable effective explo-
ration, the system should adopt a hierarchical approach rather
than flattening diverse facts into a view, thereby facilitating
progressive understanding and revealing multidimensional rela-
tionships instead of only focusing on similarity-based connec-
tions (Hornof, 2004; Miiller et al., 2017; Bikakis et al., 2016).

RS: Data Story Construction from User Exploration.
As users navigate and identify interesting facts, the system
should enable them to record their exploration history, includ-
ing detailed fact information and interaction sequences. These
recorded interactions can then be synthesized into a coherent
data story, enabling the creation of personalized narratives that
reflect each user’s unique exploration process (Li et al., 2024a).

3.2. Framework

As shown in Figure 2, our system framework comprises two
main modules: Data Preparation and Data Exploration.

The data preparation module processes datasets and trans-
forms them into a format suitable for visualization. The pro-
cess begins with automatic fact extraction, where pruning and
fast detection techniques (R1) improve efficiency by eliminat-
ing redundant computations while preserving only meaningful
and eligible facts. The extracted facts are subsequently orga-
nized into collections, forming the basis for scalable visual-
ization and hierarchical exploration (R3, R4). Next, similarity
metrics are computed both between collections and among facts
within each collection (R2). Upon completion, the data is fully
prepared for visualization and interactive exploration.

The data exploration module builds on this foundation and
provides four interactive components. The Collection View
presents the overall distribution of collections (R2). From
this view, users can select a collection and examine its inter-
nal structure in the Collection—Fact View, which displays con-
stituent facts and their hierarchical organization. To investigate
relationships and patterns in greater depth, the Fact View high-
lights similarities among individual facts (R2). Throughout the
process, users can review and record detailed patterns and note-
worthy findings in the Fact Gallery (RS). These records can
then be assembled into a coherent narrative that reflects the ex-
ploration sequence, highlights key insights found during explo-
ration, and illustrates the user’s developing understanding.



Table 1: Fact Deta

ils Overview

Category Type Description Fast Detection Significance
Dominance The top value dominates the scope and | Top-1 value > 50% share Fits a power-law to the rest, models residuals,
Point is remarkably higher than the remain- and tests if the top value is unusually large.
ing values
Outstanding Twin The top two values are remarkably | Top-1 value > 33% share, Top- | Same as Dominance, but for the sum of the top
higher than the remaining values 2 value > 33% share two values.
Evenness All values are close to each other COV <0.15 Converts values to probabilities and computes
normalized Shannon entropy.
Change Point A time series has a significant change | max(gaps) > Q3 + 1.5IQR Slides a split point, comparing left/right win-
Shape in mean value and slope between its dows; tests mean shift and slope change via re-
preceding and successive regions gression, returning the stronger effect.
Trend A time series has an obvious upward or | Mono > 0.75, Turb < 0.60 Fits a line by regression and tests whether the
downward trend within a certain level slope differs from zero.
of turbulence.
Skewness Data are unevenly distributed around | Normalized COM shift > 0.15 | Computes skewness and tests whether it sig-
the mean and are skewed to the left or nificantly differs from zero.
right
C d Temporal Correlation Two measures have remarkable corre- | |r| > 0.85 Computes Pearson correlation and tests its sig-
ompoun lation within the same subspace and or- nificance with a t-test.
dinal breakdown.
Correlation Same as temporal correlation but for | |r| > 0.85 Same as Temporal, but for categorical pairs.
categorical measures.

Notes: COV denotes the coeflicient of variation of data. Gaps are the absolute differences between consecutive rolling means; Q3 is the third quartile and IQR the
interquartile range, both calculated from the distribution of gaps. Mono refers to the fraction of same-direction steps among non-zero steps, while Turb indicates the
regression error relative to the total trend amplitude. Normalized COM shift denotes the relative movement of the data’s Center Of Mass, scaled by a reference range or

spread. r represents the Pearson correlation coefficient between two measures.

4. Data Preparation

In this section, we present the formulation of data facts and
fact collections, along with the corresponding similarity met-
rics that form the foundation for subsequent visualization and
exploration. For clarity, we begin by introducing the parame-
ters used in the following definitions. Let the subspace of a fact
be defined over n attributes. The k-th attribute is denoted by ay,
its assigned value by v, and the set of all distinct values of a;
by Vi. The i-th distinct value in V} is represented as v;'(, and
the set of all attributes is denoted by A. A wildcard symbol
indicates that no filter is applied to the corresponding attribute.
Let R denote the total number of rows in the dataset.

4.1. Data Fact

Data facts, which encapsulate interesting patterns within sub-
spaces, form the fundamental building blocks of data explo-
ration. Building on prior work (Ding et al., 2019; Tang et al.,
2017), we adopt a simplified formulation of data facts for our
DFCollection system and introduce tailored procedures to sys-
tematically process datasets and extract all valuable facts that
satisfy the defined requirements. Each data fact is characterized
by five core elements, which can be represented as a 5-tuple:

(subspace, breakdown, measure, type, score).

Subspace defines the scope of a data fact and is specified
by a set of filters applied to the dataset’s attributes. To con-
struct a subspace, we consider all categorical attributes, includ-
ing both nominal and ordinal types, and organize them into a
fixed-length tuple of size n. In our system, wildcards are re-
tained within the tuple, as the subspace degree determines its
completeness during the algorithm. Formally, a subspace can
be expressed as:

Vi € Vi U {x}.

{{a1 =v1}, {aa =}, ..., {a, = Vil ),

These values function as filters applied to the dataset, and their
combination specifies the domain of the data fact.

Breakdown operates as a group-by function on a subspace.
For each subspace, the breakdown attribute must be chosen
from among the attributes without applied filters. This opera-
tion partitions the data within the subspace into smaller groups,
preparing it for the subsequent aggregation step.

Measure refers to one or two numerical attributes used for
aggregation. After uploading a file, the user selects aggrega-
tion functions for each numerical attribute (e.g., sum, average,
minimum, maximum) through the interface. These functions
are then applied to compute aggregated values for each group
produced in the breakdown step.

Type of data facts is derived from prior research (Chen et al.,
2024; Ding et al., 2019; Tang et al., 2017), from which rep-
resentative types are selected and incorporated into our sys-
tem. Facts are categorized as Point, Shape, or Compound (Ding
et al., 2019). Point facts use categorical breakdowns, Shape
facts use ordinal ones, and Compound facts combine two mea-
sures to show relationships. A detailed taxonomy of these types
is presented in Table 1.

Score quantifies the interestingness of a data fact and is de-
termined by two factors: impact and significance. For each data
fact, impact is evaluated using an aggregation method that sat-
isfies the anti-monotonic condition (Ng et al., 1998; Ding et al.,
2019). In our system, we apply a count aggregation method
for all measures, making the impact depend solely on the num-
ber of data entries within each subspace, thereby ensuring sim-
plicity and efficiency. Thus, the impact of fact; is defined as
impact; = %W The calculation of significance is
designed based on prior work (Tang et al., 2017; Ding et al.,
2019; Chen et al., 2024), and the specific methods for comput-
ing significance for each type are summarized in Table 1. By



Algorithm 1: Automatic Fact Extraction

Input: Dataset S
Output: Set of extracted facts F
1 iThreshold < 0.01;
2 sThreshold < 0.80;
3 F«0;
4 Function AFE(S, filterSet, mask, k) :

5 coverage «— 1% Zf:l maskl[il;

6 if coverage < iThreshold then

7 return;

8 end

9 if k = n then

10 impact < coverage;

11 subspace « filterSet;

12 type «— fastDetection (subspace);

13 if type # NULL then

14 fact, significance «
SigCalculation(type);

15 if significance > sThreshold then

16 F « F U {fact};

17 end

18 end

19 return;

20 end

21 foreach v, € Vi, U {} do

22 newMask < mask A [S : a1 = vi 15

23 AFE (filterSet U {ayy1 = v}, newMask,k + 1);

24 end

25 AFE(S,0,1%,0);

combining these two factors, the score of fact; is expressed as:
score; = impact; X significance;. @)

We present one example to further illustrate the concept of
a data fact. Consider a dataset with three subspace attributes:
Country, Gender, and Year. One possible data fact derived from
this dataset is ({{ Country = China},{Gender = Male}, {Year =
x}}, Year, Income, Trend, 0.9), which indicates that the in-
come of males in China exhibits an increasing or decreasing
trend over the years, with a fact score of 0.9.

DFCollection explores and visualizes all data facts that meet
the defined thresholds, rather than limiting output to only the
top-ranked results. Unlike existing fact-driven tools, we pro-
pose an Automatic Fact Extraction (AFE) function (R1) that
applies Depth-First Search with impact-based pruning, rather
than best-first prioritization (Ding et al., 2019). The extraction
process is shown in algorithm 1. In practice, we set the impact
threshold to 0.01, consistent with previous work to maintain
comparable filtering sensitivity (Ding et al., 2019). The signif-
icance threshold is set to 0.80, slightly lower than prior studies
(Ding et al., 2019; Tang et al., 2017), allowing the inclusion
of a broader set of data facts while still ensuring statistical rel-
evance. This choice balances the tradeoff between capturing
sufficient insights and maintaining fact reliability in large, het-
erogeneous datasets.

The algorithm initializes three components: filterS et, mask,
and k. The filtersS et stores the current subspace, whether com-
plete or partial. The mask identifies rows in dataset S that
match the filterS et, acting as a selection vector. The variable
k records the number of applied filters, representing the search
depth. To enable pruning, the algorithm computes coverage,
which measures the influence of rows matching the filtersS et.
Branches with coverage below the threshold are pruned, since
deeper branches introduce additional filters to the filtersS et,
meaning the number of matching records and the correspond-
ing coverage cannot exceed that of the current branch. The
monotonicity of the count aggregation method ensures the cor-
rectness of this pruning. When k equals 7, the subspace is com-
plete. The fast detection step, guided by each type’s descriptive
characteristics and the specifications (Ding et al., 2019; Li et al.,
2025), as shown in Table 1, is then applied to quickly identify
the fact type. The algorithm then assesses the fact’s signifi-
cance. If it meets or exceeds the threshold, the fact is emitted.
Otherwise, if the subspace is incomplete, the algorithm extends
the filterS et with the next attribute’s values and continues re-
cursively until all branches are explored.

4.2. Fact Collection

After extracting a set of data facts, the next challenge is man-
aging their potentially large volume to support scalable explo-
ration. To tackle this, we introduce the concept of fact col-
lection (R2). Before its formal definition, we first provide a
preliminary one.

Definition 1 (Filter Attribute Set): Given a data fact facty, its
Filter Attribute Set (FAS) is defined as:

FAS; ={a; € A| {a; = vi} € facty.subspace, v; # x}. (2)

In other words, the FAS of a data fact consists of all attributes
that are constrained by specific values in the fact’s subspace.
It determines the subspace dimensions of a data fact. For ex-
ample, the FAS of the data fact with subspace {{Country =
China},{Gender = Male},{Year = «}} is {Country, Gender}.

We organize data facts according to their FAS, which groups
facts sharing the same filtered attribute dimensions. While this
strategy resembles OLAP-style aggregation and group-by op-
erations based on fact type or statistical properties, it differs
substantially in both purpose and representation. OLAP meth-
ods primarily focus on summarizing numerical measures across
multidimensional cubes for querying and analytical processing.
Group-by operations based on fact type mainly categorize facts
according to interestingness magnitude or predefined fact cate-
gories, rather than semantic relationships. Similarly, group-by
operations based on statistical properties cluster facts accord-
ing to shared numerical characteristics or statistical patterns,
which may overlook the contextual meaning of the underlying
subspaces. In contrast, FAS-based grouping organizes automat-
ically extracted data facts into semantically consistent analyti-
cal units for visual exploration, preserving subspace semantics
and relationships among facts to support interpretable similarity
computation and hierarchical exploration.



Building on the concept of FAS, we organize data facts into
fact collections, where each collection consists of facts that
share the same FAS. This grouping supports structured ex-
ploration at a higher level, as all FAS-equivalent facts can be
treated as a single analytical unit. In this way, relationships be-
tween collections can be studied holistically, while still allow-
ing users to drill down into individual collections to examine
the specific facts they contain. Organizing facts by FAS also
ensures that similarity computations between subspaces remain
meaningful, as comparisons are confined to consistent subspace
dimensions rather than heterogeneous ones. Since the union of
breakdowns or measures across the contained facts is nearly
identical across collections, covering almost all categorical or
numerical attributes, it provides limited analytical value and is
therefore excluded from our definition. Formally, a fact collec-
tion is represented as a 3-tuple:

(dimension, composite, index).

Dimension specifies the FAS shared by all facts in a collec-
tion, representing its overall dimensionality. Since every fact
shares the same FAS, the dimension of the collection is identi-
cal to the FAS of its contained facts. The number of distinctive
attributes included in the dimension is called the filter count.

Composite describes the variety of fact types within a col-
lection. It is defined as the union of the types of all contained
facts, identifying which types are present. This property cap-
tures the diversity of patterns within the collection, and its size
is called the type count.

Index measures the overall interestingness of a collection.
It is computed by summing the scores of all contained facts,
providing an aggregate measure of the collection’s significance.

By organizing facts in this way, we move beyond isolated
analysis and obtain a structured representation that summarizes
the contained facts while maintaining consistent subspace di-
mensions. This representation facilitates scalable visualization
and enables subsequent hierarchical exploration.

4.3. Similarity Metrics

With fact extraction and collection formulation completed,
the next step is to define similarity metrics for fact collections,
followed by those for data facts.

4.3.1. Metrics for Fact Collections

To compare the similarity between collections, we consider
their three key components. Focusing on the dimension as-
pect, suppose two collections have dimensions {A, B, C} and
{B,C,D}. In this case, (i) both share the same filter count,
and (ii) they overlap on the subset {B, C}. Therefore, both fil-
ter count similarity and dimension overlap serve as important
indicators of similarity. To capture these aspects, we employ
complementary measures for count similarity (Alzamili et al.,
2025) and for dimension overlap (Simpson, 1960). Combining
these views, the similarity between dimensions D,, and D, is
defined as:

min(|Dy,|, |Dnl)
—a— 2 (1 —q)-
max(|Dpl, |Dyl)
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where @ € [0, 1] is a weighting parameter that balances the in-
fluence of filter count versus dimension overlap. A larger « in-
creases the emphasis on the relative size of the dimension sets,
while a smaller « increases the emphasis on their overlap. By
default, we set @ = 0.5 to give equal weight to both aspects.
A similar strategy is applied to compute the similarity between
collections, denoted as S composite-

To assess similarity in terms of index, we adopt an intuitive
measure based on relative difference, which captures how close
the index values of two collections are. The similarity between
two indexes I,, and I, is defined as:

|Im - In|

S index = - — . 4
d max(/,, I,,) )

By integrating the three aspects, the overall similarity be-
tween collection,, and collection,, is expressed as:

Sc()llecli(m =7 Sdimensi()n +7y2- Scomp()site +7%3: Sind(‘,xa (5)

where Z?:l vi; = 1, and the weights can be adjusted to reflect
user preferences or task requirements. In our implementation,
we set them to 0.4, 0.4, and 0.2 respectively.

4.3.2. Metrics for Data Facts

Within each collection, we further assess the similarity be-
tween data facts. We begin with the subspace, which defines
the scope of a data fact. As each subspace is defined by a set
of filters applied to the dataset’s categorical attributes (Ding
et al., 2019; Tang et al., 2017; Shi et al., 2021), the similar-
ity between subspaces can be computed by comparing the filter
values of corresponding categorical attributes and aggregating
the results. Previous research has rarely incorporated similar-
ity metrics for categorical attributes into subspace comparison,
often overlooking this aspect due to heterogeneous dimensions
or addressing it only in limited ways (Li et al., 2024b; Dennig
et al., 2024). In our framework, all facts within a collection
share the same FAS, which eliminates ambiguous cases that
are difficult to interpret, such as comparing {Country = China}
with {Country = =}, and ensures that similarity computation for
categorical attributes remains both consistent and meaningful.

Numerous similarity metrics have been proposed for cate-
gorical data (Sulc and Rezankovd, 2019; Boriah et al., 2008).
After evaluating various options, we adopt Lin’s measure (Lin,
1998), which provides an information-theoretic framework that
assigns higher similarity to frequent matches and lower scores
to rare mismatches in terms of frequency. However, because
Lin’s metric is better suited for ordinal or semantic data, we
employ Linl (Sulc and Rezankova, 2019), an extension that or-
ders values by frequency, offering broader and more consistent
applicability across attributes. Formally, given two data facts
fact,, and fact, within the same collection, let D denote the
collection’s dimension, A; € D denote an attribute in the col-
lection’s dimension, and v;’ and v} be the corresponding filter
values drawn from Vj. The similarity between V' and v} is
therefore defined as:
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Figure 3: Interactive mechanisms of the Collection View. The system supports
three main filtering mechanisms: (a) Filter Count filtering, (b) Attribute filter-
ing, and (c) Type Count filtering.

where {Q C Vi | Vg € O, pr(V]) < pr(q) < pr(v))}, assuming
pr(v) < pr(vy). To maintain consistency within the similar-
ity framework, we apply Linl uniformly to both nominal and
ordinal attributes. Building on this, the similarity between two
subspaces defined by filters can be calculated by aggregating
attribute-level similarities. Then the normalized subspace simi-
larity between subspaces of facts fact,, and fact, is given by:

1
Ssubspace = ﬁ Z SLinl(VZla VZ) (7)
AreD

We denote the subspace similarity as S;. For breakdown,
measure, and type, we apply a simple overlap rule: identical
values have a similarity of 1, and different values have 0, de-
noted as S, S'3, and S4 respectively. For the score component,
we use the same computation as for S 4., replacing the col-
lection index with the fact’s score, denoted as S5. The overall
similarity between two data facts is then defined as a weighted
sum of these components:

5
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where Zf’zl w; = 1, and the weights can be adjusted according
to preferences or requirements. In our implementation, these
values are set to 0.5, 0.1, 0.1, 0.2, and 0.1 respectively, with
greater emphasis placed on the subspace component.

5. Data Exploration

To align with the structure of our framework and facilitate
effective user exploration, the visualization system is organized
into three sequential components: the Collection View, Col-
lection—Fact View, and Fact View, which together support ex-
ploration and help users locate facts of interest. An additional
component, the Fact Gallery, allows users to review and record
detailed information about selected facts. The overall system
interface is shown in Figure 1.

Start aj az as

Figure 4: A collection with three filters begins as a triangle. The first attribute
a; with three distinct values divides the triangle into three subpolygons, with
the gray region representing {a; = v} }. The second attribute a, further divides
this region into two, forming {a; = v} ,ay = v;}, and the third attribute a3 splits
it again into three, resulting in {a; = v{,az = vé,a3 = v;}, thereby completing
one splitting branch.

5.1. Collection View

In this view, as shown in Figure 1A, users can examine the
overall distribution of fact collections, select a collection of in-
terest, and further explore its details in the subsequent views
(R2, R3), with additional features to support exploration.

Layout distribution. Using the pairwise distance matrix
from similarity calculations, we apply Multidimensional Scal-
ing (MDS) (Davison and Sireci, 2000; Saeed et al., 2018) to
project collections into a two-dimensional space, providing an
overview of their global distribution. Since collections occupy
areas rather than points, overlaps may occur after projection.
To address this, we implement an overlap removal algorithm
inspired by force-directed layouts (Fruchterman and Reingold,
1991) and label placement methods (Christensen et al., 1995),
modeling collections as repelling bounding boxes to maintain
spatial clarity and visual interpretability.

Glyph design. Inspired by the Categorical Data Map (Den-
nig et al., 2024), we choose to use a Voronoi-style layout for
better visual effect. Building on established glyph design prin-
ciples (Borgo et al., 2013; Fuchs et al., 2017) and maintain-
ing visual consistency with the Collection—Fact View, we rep-
resent each collection as a regular polygon. The number of
polygon sides reflects the number of filters in a collection: for
odd filter counts, the polygon has the same number of sides,
while for even counts we use n + 1 sides (Reza and Watson,
2019). The fact collection generation step shown in Figure 2
further illustrates this design, demonstrating collections with
filter counts ranging from O to 7. Different polygon shapes,
together with a sequential color scheme, help distinguish col-
lections with different filter counts. To ensure scalability across
different datasets with varying numbers of collections, the size
of each glyph is dynamically adjusted. Additional visual en-
codings further enrich the representation: polygon color and
the number of solid edges indicate the number of dimensions,
with darker tones representing higher filter counts. Surrounding
Voronoi cells are shaded in blue to encode type counts, where
darker shades indicate greater diversity. Together, these design
choices allow users to quickly grasp the overall distribution of
collections while also inspecting detailed attributes of individ-
ual collections, as illustrated in Figure 1A2.
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Figure 5: Three exploration states of the Collection—Fact View. The figure illus-
trates the initial, fact-selected, and reordered states for two example collections
with filter counts of 5 and 3, respectively.
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Figure 6: A detailed illustration of the Collection-Fact View, where different
labels and visual components are annotated.

Interactive filtering mechanisms. The overview in Fig-
ure 1A1 displays the distributions of index, type count, and fil-
ter count for the collections spatially arranged in Figure 1A2.
To support efficient exploration, the Collection View offers
three interactive filtering mechanisms that let users focus on
subsets of collections matching specific criteria while dimming
others. As illustrated in Figure 3, these mechanisms include:
(a) Filter Count filtering, which highlights collections with a
selected filter count; (b) Attribute filtering, which highlights
collections containing a chosen dimension; and (c) Type Count
filtering, which highlights collections according to their type
variety. Together, these tools help users refine the view, isolate
relevant subsets, and efficiently locate collections of interest.

5.2. Collection-Fact View

Once a collection is selected, users can explore its contained
data facts hierarchically, examine their multidimensional rela-
tionships, and observe their hierarchical distribution (R4); an
example is shown in Figure 1B, with the corresponding view
illustration shown in Figure 6.

Formulation. Inspired by Hi-D Map (Reza and Watson,
2019), the Collection—Fact View represents each collection as
a polygon, where each side corresponds to one attribute of the
collection’s dimension. Attributes are distinguished by color.

Starting from the top-right side, the polygon is recursively sub-
divided to reflect the filter values of each attribute. The subdi-
vision proceeds in a near-side, clockwise order, and the area of
each resulting subpolygon encodes the total score of the facts it
contains. Figure 4 illustrates an example of this splitting pro-
cess. Branches that contain no facts automatically stop sub-
dividing. To reduce visual overlap caused by empty or very
small regions, we slightly adjust the area ratios derived from
scores (setting them to 0.05 for zero scores and 0.15 for nonzero
scores) and then re-normalize the layout. Attribute values are
encoded using a dark-to-light color gradient applied clockwise,
making the subdivision order easy to follow. Individual data
facts are shown as small circles inside the subpolygons. When
an attribute has more than ten distinct values, they are grouped
into three bins to improve readability.

Visual Design. To improve readability, each side of the poly-
gon is paired with a bar chart that shows how many facts fall un-
der each filter value of that attribute, enabling quick comparison
at a glance. Attribute values are encoded using a dark-to-light
color gradient applied in a clockwise order and are consistently
mapped to both the subdivision boundaries and the bars in the
charts. For example, in Figure 1B, the Type side shows that
18 facts satisfy the condition {Type = Ute/Tray} within the
subspace; correspondingly, the blue color gradually becomes
lighter as it extends from the polygon side toward the interior.
Subpolygons are shaded in grey, where darker shades indicate
a larger number of contained facts. Individual facts are repre-
sented as circles inside the polygon and are encoded by their
measure, with a legend provided in the top-left corner of the
view to support interpretation. To maintain visual clarity, facts
within each subpolygon are evenly distributed around the center
while remaining within the subpolygon boundaries.

Interaction. The Collection—Fact View supports three ex-
ploration states, as illustrated in Figure 5, which shows exam-
ples for two collections with filter counts of three and five. In
the initial state, attributes are ordered by the number of distinct
values from largest to smallest, reducing visual clutter by pre-
venting small subpolygons from being split into smaller sec-
tions. In the fact-selected state, selecting a fact highlights it
with a red circle, emphasizes the corresponding subpolygon in
red, and marks the relevant filters for each attribute using bar
charts along the polygon’s sides. In the reordered state, users
can drag and drop attributes to modify their order, bringing at-
tributes of interest to the forefront for more flexible exploration;
in Figure 5, for instance, the last two attributes are swapped, and
the layout updates accordingly.

5.3. Fact View

The Fact View provides an overview of the score and count
distributions of all facts in the selected collection and arranges
them according to their similarity (R2), as shown in Figure 1C.
Figure 7 illustrates how the view is constructed and how to
interpret its visual encodings. In Figure 7a, each data fact is
represented by a circular glyph composed of an outer colored
ring and a miniature chart icon. The ring color distinguishes
the three fact categories shown in the legend: blue for Point,
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Figure 7: Construction process of the Fact View, consisting of three main
stages: (a) fact glyph encoding, (b) dimension reduction, and (c) addition of
score density contours.

orange for Shape, and green for Compound. Within each cat-
egory, the inner icon indicates the specific fact type; for ex-
ample, the icons depict different distribution patterns, trends,
or relationships, allowing facts with the same ring color to be
distinguished. In Figure 7b, the glyphs are placed on a two-
dimensional canvas using the similarity-based layout strategy
of the Collection View, so nearby glyphs represent more similar
facts. Finally, Figure 7c adds grayscale density contours (Sil-
verman, 1986) beneath the glyphs to summarize the spatial con-
centration of fact scores. Darker regions indicate greater score
concentration, helping users identify high-score areas while re-
taining the individual glyphs for detailed inspection.

5.4. Fact Gallery

In the Collection—Fact View and Fact View, users can select
facts of interest, examine their details, and record those with no-
table patterns in the Fact Gallery (RS), as shown in Figure 1D.
The Fact Gallery offers a snapshot function that enables users
to capture interesting data facts discovered during exploration.
Once a fact is recorded, its position is highlighted in the Collec-
tion View, and the corresponding Collection—Fact View is dis-
played in the top-right corner for quick reference. Through this
process, users can review detailed information, preserve mean-
ingful findings, and progressively construct a personalized data
story within the system (Li et al., 2024a).

5.5. Alternative Designs

The Collection—Fact View uses multiple visual channels to
represent hierarchical data facts. While this multi-channel ap-
proach introduces complexity, it is necessary to support scalable
exploration of large and heterogeneous fact spaces. The view
follows an overview-to-detail reading path, allowing users to
move from collection-level distribution to fact-level inspection.

We considered common hierarchical and multidimensional
visualization techniques, including treemaps (Shneiderman,
1992), sunburst diagrams (Stasko and Zhang, 2000), and par-
allel coordinates (Inselberg, 1985), as potential alternatives for
the Collection—Fact View. Treemaps efficiently use 2D space
for hierarchical data, but they obscure attribute ordering and
semantic relationships in multi-level hierarchies. Sunburst di-
agrams preserve hierarchical containment radially, yet radial
distortion and uneven angular allocation reduce interpretability
for dense data facts. Parallel coordinates represent multidimen-
sional relationships well but lack hierarchical structure and se-
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mantic grouping. Moreover, these techniques each convey only
limited aspects of analytical information for fact exploration.
In contrast, the Collection—Fact View jointly encodes hi-
erarchical containment, semantic consistency, fact density,
and progressive drill-down in a polygonal subdivision lay-
out. This design introduces complexity but preserves relation-
ships across heterogeneous subspaces, supports interpretable
similarity computations, and provides a clear visual hierar-
chy for overview-to-detail exploration. Although multiple vi-
sual channels are used simultaneously, each channel serves
a distinct role. Integrating these encodings within a single
view helps maintain contextual awareness during exploration
and avoids the fragmentation caused by multiple disconnected
views. While simpler alternatives exist, they do not simultane-
ously support hierarchical navigation, semantic grouping, den-
sity overview, and local fact inspection, which are central to
DFCollection’s analytical goals. The resulting visual complex-
ity is therefore an intentional design choice aimed at supporting
DFCollection’s core analytical and exploratory tasks.

6. Usage Scenarios

To evaluate the usefulness and effectiveness of our system,
we present two usage scenarios that illustrate how a data analyst
interacts with DFCollection in real-world settings, using two
public datasets that were preprocessed for system compatibility.

6.1. Scenario 1: Australian Car Price

The first dataset contains records of second-hand car sales
in Australia from 2010 to 2024!. From this dataset, a total of
8,811 data facts were generated. It contains 7,104 rows and 10
columns, with 3 measure attributes and 7 subspace attributes.
The analyst explores how vehicle characteristics affect resale
prices, moving from collections with fewer filters to those with
more, gradually refining the analysis without applying custom
filters in the Collection View. The exploration follows collec-
tion similarity, proceeding step by step through nearby collec-
tions. Notably, the variable Year indicates the car’s purchase
year rather than its resale year.

Given such amount of data facts, the analyst expresses that
the system remained very scalable and navigable even when
viewing all fact collections that contain 8,811 facts in total
in the overview. The exploration begins with Collection 1,
which contains no filters. At this broad level, the analyst ob-
serves a clear negative correlation between kilometers driven
and sale price across years. Moving to Collection 3 with one
filter, diesel vehicles with 5-cylinder engines dominate sales,
while unleaded cars lead in the 6-cylinder category. In Collec-
tion 4, defined by two filters, a distinct pattern appears for 4-
cylinder automatic cars, whose sales rose steadily until peaking
in 2018. With three filters in Collection 5, brand differences be-
come evident: Holden and Toyota outperform others within the
AWD, unleaded, 6-cylinder segment. Finally, in Collection 6

"https://www.kaggle.com/datasets/nelgiriyewithana/
australian-vehicle-prices
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Figure 8: Two data stories are constructed in the usage scenarios: (a) an exploration of second-hand car sales in Australia (2010-2024) and (b) an analysis of
employee records related to attrition and HR analytics. The figure combines the Collection View and Fact Gallery, with the identified data facts displayed alongside
their corresponding fact collections for a more intuitive presentation. Scenario (b) applies attribute-based filtering on Attrition, as illustrated in Figure 3b.

with five filters, the analyst finds that higher-priced hatchbacks
with manual transmission, unleaded fuel, and 4-cylinder en-
gines achieve the strongest sales. Through this open-ended ex-
ploration, the analyst constructs a coherent data story, as shown
in Figure 8(a).

6.2. Scenario 2: HR Employee Analytics

The second dataset contains employee records related to
attrition and human resource analyticsz. From this dataset,
13,566 data facts were generated. It consists of 1,470 rows and
11 columns, with 2 measure attributes and 9 subspace attributes.
In this scenario, the analyst focuses on the A#trition attribute to
distinguish findings by attrition status. He limits the analysis
to employees who have not attrited, using an attribute-filtering
function mentioned in subsection 5.1 that greys out collections
lacking Attrition. Unlike the first case, the analyst does not fol-
low collection similarity but instead targets collections defined
by specific dimensions, placing Attrition first in the filter se-
quence in each collection for clarity.

Within the system’s hierarchical visual design, the analyst
can quickly locate data facts with a clear focus on Attrition
across each fact collection. The analyst begins with the Attrition
filter, focusing on retained employees, and observes that the Re-
search and Development department dominates the workforce.
Adding Gender, he finds Life Sciences and Medicine dominant
among female employees. Introducing BusinessTravel and nar-
rowing to females who rarely travel, he relates age to monthly
income and notes that middle-aged and older employees earn
more than younger ones. Filtering further by Department, he
analyzes males in Research and Development who rarely travel
and identifies a sharp change around age thirty-five, where
counts rise and then decline. Adding Education, he observes
that male Sales employees with an education level 2 who rarely

*https://wuw.kaggle.com/datasets/pavansubhasht/
ibm-hr-analytics-attrition-dataset
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travel show no strong income concentration across education
fields. Finally, with the JobRole filter applied to male Research
Scientists in Research and Development with education level 2
who rarely travel and have not attrited, he finds Life Sciences to
be the dominant education field. The analyst builds a focused
data story for the second dataset, as shown in Figure 8(b), using
the attribute-filtering function on Attrition.

7. Interview

In this section, due to the lack of existing work on fact collec-
tions and hierarchical exploration of data facts, we adopt user
interviews as our primary evaluation method. We conducted a
semi-structured interview study with 13 participants to assess
the effectiveness and usability of DFCollection.

7.1. Participants and Apparatus

We recruited 13 participants (P1-P13) from universities,
companies, and research institutes (3 females, 10 males; M, =
25.38, SD = 2.47), all with normal vision and prior experi-
ence in data analysis or visualization. P1 and P2 were PhD
experts with over five years of experience, P8 was a data ana-
lyst intern, P7, P10, P11, and P13 were master’s students spe-
cializing in data analysis and visualization, and P9 was an al-
gorithm engineer focusing on data processing. The remaining
participants (P3, P4, P5, P6, P12) were undergraduate or PhD
students in computer-related fields who had extensive course-
work and hands-on experience in data analysis or visualization,
ensuring they could effectively engage with DFCollection and
provide informed feedback. While the participant pool con-
sisted primarily of students, all participants had relevant exper-
tise in visualization, data analysis, or related domains, allowing
them to provide informed feedback on the system’s usability
and exploratory capabilities. Interviews were conducted online
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Q1: | find the generated data facts interesting. 102 7 G 5.92
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Q12: What suggestions do you have for improving the system?
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Figure 9: The questionnaire used in the interview is structured into five sections: Data Processing, Visualization, User Interaction, Usability, and Open-ended
Questions. Each closed-ended question includes a corresponding rating, with detailed information provided for each scoring component. The questionnaire

comprises a total of 10 closed-ended questions and 2 open-ended questions.

via Zoom, with DFCollection deployed on a public server ac-
cessible from participants’ own computers. The study was con-
ducted under ethical approval, and participation was voluntary
for all interviewees.

7.2. Procedure

The interview began with an overview of DFCollection, its
background, and limitations of prior work, followed by ex-
planations of the system framework, key concepts, and visual
design (10 minutes). A demonstration using a simple dataset
from prior work (Ding et al., 2019) introduced two explo-
ration approaches: similarity-based (subsection 6.1) and filter-
based (subsection 6.2) (10 minutes). Participants subsequently
explored two additional datasets independently (20 minutes).
During this phase, they were instructed to find and record 5
interesting data facts in the Fact Gallery during their explo-
ration. This task was intentionally open-ended to encourage
natural exploration behaviors, although it may limit direct com-
parison across participants or systems. Finally, they completed
a questionnaire with 10 closed-ended (Q1-Q10) and 2 open-
ended (Q11-Q12) questions, as shown in Figure 9. The closed-
ended questions, rated on a 7-point Likert scale (Joshi et al.,
2015), evaluated data processing, visualization, interaction, and
usability, while the open-ended questions gathered feedback
on DFCollection’s advantages, limitations, and suggestions (10
minutes). An open discussion session was then conducted to
allow participants to share additional reflections on the system
(10 minutes). The evaluation primarily focused on subjective
feedback and exploratory behaviors, with limited use of quan-
titative metrics to assess system efficiency.

7.3. Results

Figure 9 presents the participants’ responses to the closed-
ended questions (Q1-Q10), showing the score distribution and
the calculated mean (M) for each question. The questionnaire
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results indicate overall positive feedback on the system. The
detailed analysis of each question is discussed in this section.

Data Processing. Most participants agreed that the gener-
ated facts were interesting (Q1), confirming the effectiveness
of our algorithm. Likewise, most found that organizing data
facts into collections improved efficiency when exploring large
datasets (Q2). P1 and P7 highlighted the value of grouping facts
by subspaces, while P9, who rated Q2 with a “3,” noted that her
daily work rarely involves datasets with such a volume of facts,
but suggested it could be valuable in financial analysis.

Visualization. This section evaluated the visual design of
the Collection View (Q3), Collection—Fact View (Q4), and Fact
View (Q5). Overall, participants responded positively. P1 and
P10 praised the polygon-based design of the Collection—Fact
View for effectively visualizing multidimensional relationships
and hierarchical distribution, and P13 agreed it was well-suited
for the system, though locating specific fact sections could be
inconvenient. In contrast, P2 found the Collection—Fact View
less visually intuitive at first, requiring familiarity with the con-
cepts before effective use, leading to lower scores.

User Interaction. This section used three questions to as-
sess the system’s main interaction functions (Q6—Q8). Overall,
participants gave positive feedback, with most agreeing that the
interactive features effectively supported data exploration. P7
and P10 noted that the filter function might be less effective for
users unfamiliar with a dataset, as they may not know where
to start. P13 added that while the reordering feature was help-
ful, the subsequent recalculation and re-evaluation steps could
increase cognitive load.

Usability. This section evaluated the system’s overall us-
ability and participants’ willingness to use it for future data
analysis. Overall, participants found the system helpful and ex-
pressed interest in applying it to future tasks. However, several
participants noted that it takes some time to become familiar
with the system.

Open-ended questions. In this section, participants dis-



cussed the system’s advantages, drawbacks, and potential im-
provements. Overall, they appreciated its ability to handle
many data facts and support flexible, interest-based filtering.
However, several found it challenging to learn initially, partic-
ularly in understanding its concepts and visual encodings. To
improve usability, P5, P7, and P9 suggested adding an onboard-
ing tool or interactive guide, P6 and P10 proposed integrating
large language models (Zhao et al., 2024) for smarter analysis,
and P8 recommended a scoring algorithm to suggest starting
points for exploration.

8. Discussion

In this section, we reflect on key lessons learned, acknowl-
edge limitations in our current design, and highlight potential
directions for future work.

Computational Complexity. We designed a customized fact
extraction algorithm that integrates DFS pruning with a fast de-
tection mechanism to accelerate exploration. Its complexity
depends on the number of attributes and their distinct values;
given N attributes and up to M distinct values per attribute, the
worst-case complexity is O(M + 1)V). While efficient for mod-
erate datasets, performance decreases as M and N grow. In
future work, we plan to explore better optimization strategies to
maintain responsiveness with large datasets, or develop a real-
time approach that computes facts and collections dynamically
during user exploration rather than precomputing them all.

To reduce visual congestion, additional preprocessing of the
dataset and extracted data facts is often required, such as limit-
ing measure attributes, applying value binning, and simplifying
highly heterogeneous subspaces. In future work, we plan to de-
velop a more automated preprocessing framework to improve
scalability, efficiency, and usability.

Learnability. DFCollection is effective and useful for scal-
able and hierarchical exploration, and the Collection-Fact View
integrates multiple visual channels to support exploration from
overview to detail. However, this design may also increase the
learning burden for first-time users, particularly when interpret-
ing the hierarchical subdivision structure and multiple visual
encodings simultaneously.

Guided Exploration. Currently, users navigate collections
and facts independently to construct data stories based on their
exploration paths. However, analysts often face time constraints
that prevent them from examining every collection in detail. To
address this, future work will incorporate automatic summa-
rization of key facts within each collection to provide concise
overviews and speed up exploration while preserving user con-
trol. Another direction, as noted by P13, is automatic story
generation to offer recommended narratives for user reference.

Recognition of Rare Patterns. Exploration with DFCol-
lection revealed that prior work often emphasizes top-scored
facts while overlooking rare but insightful patterns. Many re-
lationships, such as the negative correlation between price and
mileage in car datasets, appear repeatedly and offer limited nov-
elty. In contrast, uncommon patterns, such as a positive correla-
tion, can yield more valuable insights due to their rarity. Future
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work will integrate measures of rareness, derived from statisti-
cal or other methods, into the interestingness scoring and visual
design to better highlight infrequent yet meaningful patterns.

9. Conclusion

We presented DFCollection, a scalable and hierarchical vi-
sual analytics system for exploring a vast number of data facts.
By introducing the concept of fact collection, the system orga-
nizes data facts by subspace dimensionality and supports multi-
level exploration through coordinated visual interfaces. Evalua-
tions through two usage scenarios and in-depth user interviews
with 13 participants demonstrate that DFCollection effectively
enables scalable, structured, and interpretable exploration of
data facts. The evaluation also demonstrated the strengths of
the system while revealing several limitations of the current de-
sign, which will be addressed in future work.
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