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DFCollection: Scalable and Hierarchical Visual Exploration of Data Facts
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ta analysis (EDA) aims to uncover meaningful data facts that support understanding and decision-making.
ated EDA systems still face challenges in scalability, hierarchical exploration, and similarity computatio
subspaces. To address these issues, we introduce the concept of fact collections, which organize data facts a
pace dimensions for scalable and hierarchical exploration. We develop DFCollection, a scalable and hie
s system for data exploration. The system comprises a Data Preparation module for fact extraction and
nd a Data Exploration module with three coordinated views: the Collection View for an overview of collec
t View for hierarchical exploration, and the Fact View for similarity visualization. The Fact Gallery ad
ding and reviewing interesting findings. We evaluate DFCollection through two usage scenarios and a u
ipants. The results demonstrate that DFCollection effectively improves the scalability, interpretability, and
ploration.

ploratory Data Analysis, Visual Analytics, Data Fact, Fact Collection

on

Data Analysis (EDA) focuses on uncovering in-
and gaining knowledge from data (Tukey, 1977;
7; Jankun-Kelly et al., 2007). Data facts obtained
play a crucial role in facilitating further analysis
g decision-making. In recent years, many auto-
ractive EDA tools have been developed, some
nce beyond identifying individual data facts to
relationships among them by incorporating sim-
and analyzing overall distributions (Chen et al.,

l., 2025; Jiang et al., 2025).
rapid development of automated EDA tools, we
major challenges that remain. Firstly, scalabil-
ist. Existing tools, such as Calliope-Net (Chen
erform effectively only when handling a limited

ta facts, to avoid visual clutter and preserve the
individual glyphs. Other tools, like FactExplorer
025), attempt to incorporate more data facts but
produce visually overwhelming results. This in-
though datasets may contain numerous data facts,
an only effectively present a limited subset. Sec-
ing exploration over large numbers of data facts
nging. Prior studies suggest that hierarchical or-
n facilitate navigation in complex information
f, 2004; Müller et al., 2017). However, most ex-
esent data facts in flat similarity-based layouts,

g author.
ses: liyi0084@e.ntu.edu.sg (Yikai Li),
ntu.edu.sg (Xiaolin Wen), shenqm@bit.edu.cn (Qiaomu
g@ntu.edu.sg (Yong Wang )

making it difficult to explore relationships at different
granularity. Our literature review indicates that hierar
ganization of data facts remains largely underexplored
comparing relationships among large numbers of data
remains challenging. Since each data fact is associat
subspace defined by filters, similarity computation dep
only on fact properties but also on the structures of th
sponding subspaces. Existing approaches (Dennig et
mainly rely on simple overlap-based similarity metric
may become difficult to interpret when facts originate f
spaces with different dimensionalities.

To address these challenges, we present DFColl
novel analytics system for scalable and hierarchical v
ploration of Data Facts through grouping them into
tions, which can accommodate a substantially greate
of data facts while maintaining scalability compared to
systems. Specifically, we introduce the concept of fa
tion, which groups data facts sharing the same subspac
sionality into a single collection, thereby improving
ity, enabling hierarchical exploration, and ensuring
ful subspace similarity computation. Unlike tradition
by or Online Analytical Processing (OLAP) operati
collections organize automatically extracted analytica
shared subspace semantics. DFCollection groups f
the same filter attribute set, enabling consistent simila
putation and hierarchical exploration, transforming l
lated facts into structured units that support scalable na
overview-to-detail exploration, and interpretable comp

The framework of DFCollection comprises two
modules: Data Preparation and Data Exploration. In
Preparation module, DFCollection employs a custom
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erface of DFCollection. (A) The Collection View provides an overview of all collections, including statistical distributions of index,
1), and visualizes the overall spatial layout of fact collections (A2). (B) The Collection–Fact View reveals the hierarchical relationsh

ts contained facts. (C) The Fact View presents a summary of the facts within a selected collection, showing both the score distributi
visualizing their spatial layout based on similarity with score-density cues (C2). (D) The Fact Gallery displays details of the curren
hose marked as interesting during exploration, supporting the construction of personalized data stories.

ine that extracts data facts from the dataset, or-
into collections, and computes similarities both
ual facts and between collections. The Data Ex-
ule offers three coordinated visualization views
eractive exploration. The Collection View adopts
e layout to depict the spatial distribution of fact
d assist users in selecting regions of interest. The
ct View reveals multidimensional relationships
al distribution of data facts within the selected
wing users to explore data facts at multiple lev-

ent attribute focuses. The Fact View provides a
rity-based layout of facts within the chosen col-

pports score-density identification. Additionally,
includes the Fact Gallery, enabling users to in-
al fact details, document discovered patterns, and
onalized data stories based on their exploration
resent two usage scenarios and in-depth user in-
monstrate the effectiveness and usability of our
ey contributions of this paper are as follows:

uce the concept of fact collection, which groups
according to their subspaces to enable scalable

rchical exploration.
op an interactive system with a complete frame-
mprising two modules, and publicly release

system implementation and demo video at
/github.com/lyk6666/DFCollection.
t and extend existing visualization techniques to
xt of data facts, enabling the illustration of their
ons, hierarchies, and relationships.

• We evaluate the effectiveness of our system thr
usage scenarios and user interviews with 13 parti

2. Related Work

In this section, we review the prior studies on autom
driven tools, hierarchical and multidimensional visu
and similarity metrics for categorical data.

2.1. Fact-driven Exploration Tools
Over the past decade, research on automatic fact-dri

has evolved from analyzing raw data to structuring kn
as data facts that capture meaningful patterns. Early
such as Foresight (Demiralp et al., 2017) introduced fa
and interactive ranking pipelines, while Top-K Insig
et al., 2017) formalized a computational framework f
fying top-k facts. QuickInsights (Ding et al., 2019)
a unified fact formulation later integrated into Microso
BI, and MetaInsight (Ma et al., 2021) expanded this b
fying facts into specific types with an efficient mining

Recent studies have increasingly explored intellige
ization recommendation, automated visual insight mi
fact-driven analytical workflows. Lian et al. (2025)
recent survey of visual insight mining, summarizing h
alization connects data and insights through tasks suc
alization generation, visualization recommendation, ch
tion answering, and insight generation. Building on thi
research landscape, LIDA (Dibia, 2023) uses LLM
erate grammar-agnostic visualizations and infographi

2
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Collection framework comprises two main modules: Data Preparation and Data Exploration. Data Preparation automatically extrac
groups them into collections, and computes similarities among them. Data Exploration enables users to navigate through the Colle
iew, and Fact View, and to examine details via the Fact Gallery, allowing them to construct a data story based on their exploration hist

ng et al., 2023) focuses on explainable visual-
mendation through natural-language interaction.
en et al., 2026) supports dashboard authoring with

agents, DracoGPT (Wang et al., 2025) extracts
esign preferences from LLMs, and Prompt4Vis
4c) improves tabular data visualization through
ng and schema filtering. Explanova (Huang,
explores automatic insight discovery from N ×M
bining explainable AI techniques with an LLM
sightPilot (Ma et al., 2023) integrates an LLM
e to generate multi-step explorations, while In-
ng et al., 2025) employs an LLM-agent frame-
mated fact recording and organization. InRe-
eng et al., 2025) enhances story construction by
s structurally and semantically, and Calliope (Shi
ses a logic-driven Monte Carlo tree search to as-
rtance. InkSight (Lin et al., 2024) enables sketch-
election for tailored fact recommendations, In-
et al., 2025) applies deep reinforcement learn-
chical fact discovery, and InsightCube (Zhang
ntroduces a cube structure for efficient fact re-
ot (Wang et al., 2020) compiles salient facts into

eady data shots. Similar to CoInsight (Li et al.,
ystem also allows users to record patterns and
onalized data stories. Compared with current in-
mendation and LLM-powered systems, DFCol-

ses a complementary problem: the scalable or-
large heterogeneous fact spaces. While existing
inly focus on chart generation, visualization rec-
or conversational assistance, DFCollection orga-
data facts into semantically consistent analytical

tured visual exploration. In addition, DFCollec-
antages in determinism, transparency, and user

h interpretable hierarchical fact organization.

k also extends beyond individual facts to ex-
ationships and distributions. Calliope-Net (Chen

et al., 2024) models facts as graph nodes with annota
ing, and CoInsight (Li et al., 2024a) visualizes fact
through a nested graph. InsightMap (Wu et al., 202
duces similarity-based mapping, and FactExplorer (Jia
2025) integrates logical and visual representations
prehensive overviews. Unlike these systems, which
ily focus on visualizing relationships or similarity dis
among facts, DFCollection emphasizes the scalable
archical organization of related facts. By grouping
cording to shared filter attribute sets, our system suppo
pretable similarity computation, transparent hierarchi
tures, and user-controlled navigation across fact collec

2.2. Hierarchical and Multidimensional Visualization

We have investigated a range of hierarchical and mu
sional visualization techniques that facilitate hierarchic
ration. Traditional techniques such as Treemap (Shne
1992) represent nested structures with packed rectangl
areas encode quantitative values, while Sunburst chart
and Zhang, 2000) extend this idea into a radial form t
size hierarchical depth. Star plots (Chambers et al.,
range attributes along radial axes for quick comparati
ing, and Circle packing (Wang et al., 2006) illustrates
relationships through nested circles. Similarly, Chern
(Chernoff, 1973) map multiple variables to facial feat
viding an expressive yet abstract summary of comp
Area-proportional set diagrams (Chow and Ruskey,
sualize overlaps by matching geometric area to data m
whereas Parallel Coordinates (Inselberg, 1985) align
along parallel axes to reveal inter-variable correlations

Recent tools like Hi-D Map (Reza and Watson, 2
tition data along ordered dimensions to enable struct
igation, and Categorical Data Map (Dennig et al., 2
sition items based on categorical similarity to high
lated patterns. Data Context Maps (Cheng and Muell
unify items and attributes in a shared projection for i

3
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tes (Kandogan, 2001) project high-dimensional
radial axes for interactive overview and explo-
these techniques, Hi-D Map (Reza and Watson,

losely with our system design, as we build on its
pproach to develop the Collection–Fact View for
ierarchical distribution of facts within a selected
also adopt a Voronoi-style visualization for col-

ed by Categorical Data Map (Dennig et al., 2024).

Metrics for Categorical Data

bspaces of data facts can be represented as com-
lters across categorical attributes (Ding et al.,
al., 2017; Shi et al., 2021), we draw on prior

egorical data similarity and visualization to in-
space similarity computation. Similarity met-
rical data have been systematically examined in
ns (Sulc and Rezanková, 2019; Boriah et al.,

on approaches include Goodall’s index (Goodall,
emphasizes matches on rare categories. Lin’s
eoretic measure (Lin, 1998) balances shared and
e information. Eskin’s metric (Eskin et al., 2002)
ribute arity to mitigate chance agreement. In-
ce frequency (Jones, 2004) down-weights com-
n DFCollection, we employ Lin1 (Boriah et al.,
nded version of Lin’s similarity measure, to eval-
rity between subspaces.

sign

calable and hierarchical exploration, we derived
uirements from existing studies and their limita-
eloped the overall framework of our system.

equirements

to enable users to efficiently conduct scalable and
sual exploration of datasets containing numerous
structured manner, while also allowing them to

cord those they find interesting. To accomplish
fy five key requirements based on a comprehen-
review:
atic Fact Extraction. Datasets typically com-
s subspaces, making it crucial to efficiently iden-
t meaningful data facts while minimizing redun-
ions on uninformative subspaces or insignificant
et al., 2019; Tang et al., 2017). To achieve this,
g algorithm should align with the overall system
egrate effective strategies to filter out results that
efined thresholds.

vation of Overall Distribution Patterns. Be-
ng individual data facts, users should be able to
erall distributions of both data facts and their col-

et al., 2025; Wu et al., 2025). Achieving this
evelopment of appropriate similarity metrics for
ts and collections, which can in turn guide layout

about the broader patterns and relationships among th
R3: Scalable Visualization. Given that the syst

present numerous data facts within a constrained displ
a scalable grouping and visualization strategy is esse
rectly projecting all data facts can quickly lead to vi
ter as their number increases. Therefore, it is imp
design effective grouping mechanisms and visualizat
niques that maintain readability and detail while m
clutter. Such strategies should also support smooth tr
from overview to detail, enabling users to navigate
spaces efficiently (Pienta et al., 2015; Qin et al., 2020)

R4: Hierarchical Exploration. To enable effecti
ration, the system should adopt a hierarchical approa
than flattening diverse facts into a view, thereby fa
progressive understanding and revealing multidimensi
tionships instead of only focusing on similarity-based
tions (Hornof, 2004; Müller et al., 2017; Bikakis et al

R5: Data Story Construction from User Exp
As users navigate and identify interesting facts, th
should enable them to record their exploration histor
ing detailed fact information and interaction sequence
recorded interactions can then be synthesized into a
data story, enabling the creation of personalized narra
reflect each user’s unique exploration process (Li et al

3.2. Framework

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

The data preparation module processes datasets a
forms them into a format suitable for visualization.
cess begins with automatic fact extraction, where pru
fast detection techniques (R1) improve efficiency by
ing redundant computations while preserving only m
and eligible facts. The extracted facts are subsequen
nized into collections, forming the basis for scalabl
ization and hierarchical exploration (R3, R4). Next,
metrics are computed both between collections and am
within each collection (R2). Upon completion, the da
prepared for visualization and interactive exploration.

The data exploration module builds on this found
provides four interactive components. The Collect
presents the overall distribution of collections (R2
this view, users can select a collection and examine
nal structure in the Collection–Fact View, which disp
stituent facts and their hierarchical organization. To in
relationships and patterns in greater depth, the Fact V
lights similarities among individual facts (R2). Throu
process, users can review and record detailed patterns
worthy findings in the Fact Gallery (R5). These rec
then be assembled into a coherent narrative that reflec
ploration sequence, highlights key insights found duri
ration, and illustrates the user’s developing understand

4



Journal Pre-proof
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Dominance The top value dominates the scope and
is remarkably higher than the remain-
ing values

Top-1 value ≥ 50% share Fits a power-law to the rest, models resid
and tests if the top value is unusually larg

Outstanding Twin The top two values are remarkably
higher than the remaining values

Top-1 value ≥ 33% share, Top-
2 value ≥ 33% share

Same as Dominance, but for the sum of th
two values.

Evenness All values are close to each other COV ≤ 0.15 Converts values to probabilities and comp
normalized Shannon entropy.

Change Point A time series has a significant change
in mean value and slope between its
preceding and successive regions

max(gaps) > Q3 + 1.5IQR Slides a split point, comparing left/right
dows; tests mean shift and slope change v
gression, returning the stronger effect.

Trend A time series has an obvious upward or
downward trend within a certain level
of turbulence.

Mono ≥ 0.75, Turb ≤ 0.60 Fits a line by regression and tests whethe
slope differs from zero.

Skewness Data are unevenly distributed around
the mean and are skewed to the left or
right

Normalized COM shift ≥ 0.15 Computes skewness and tests whether it
nificantly differs from zero.

Temporal Correlation Two measures have remarkable corre-
lation within the same subspace and or-
dinal breakdown.

|r| > 0.85 Computes Pearson correlation and tests its
nificance with a t-test.

Correlation Same as temporal correlation but for
categorical measures.

|r| > 0.85 Same as Temporal, but for categorical pai

V denotes the coefficient of variation of data. Gaps are the absolute differences between consecutive rolling means; Q3 is the third quartile and IQR
le range, both calculated from the distribution of gaps. Mono refers to the fraction of same-direction steps among non-zero steps, while Turb indicates
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 rang
epresents the Pearson correlation coefficient between two measures.

aration

on, we present the formulation of data facts and
s, along with the corresponding similarity met-
the foundation for subsequent visualization and
or clarity, we begin by introducing the parame-

e following definitions. Let the subspace of a fact
r n attributes. The k-th attribute is denoted by ak,
lue by vk, and the set of all distinct values of ak

th distinct value in Vk is represented as vi
k, and

ttributes is denoted by A. A wildcard symbol ∗
no filter is applied to the corresponding attribute.
he total number of rows in the dataset.

t
hich encapsulate interesting patterns within sub-

the fundamental building blocks of data explo-
ng on prior work (Ding et al., 2019; Tang et al.,
pt a simplified formulation of data facts for our
system and introduce tailored procedures to sys-
ocess datasets and extract all valuable facts that
ned requirements. Each data fact is characterized
ements, which can be represented as a 5-tuple:

pace, breakdown,measure, type, score).

efines the scope of a data fact and is specified
ters applied to the dataset’s attributes. To con-
ce, we consider all categorical attributes, includ-
nal and ordinal types, and organize them into a
ple of size n. In our system, wildcards are re-

the tuple, as the subspace degree determines its
during the algorithm. Formally, a subspace can
s:

, {a2 = v2}, . . . , {an = vn} }, vk ∈ Vk ∪ {∗}.

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

Breakdown operates as a group-by function on a s
For each subspace, the breakdown attribute must b
from among the attributes without applied filters. Th
tion partitions the data within the subspace into smalle
preparing it for the subsequent aggregation step.

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

Type of data facts is derived from prior research (C
2024; Ding et al., 2019; Tang et al., 2017), from w
resentative types are selected and incorporated into
tem. Facts are categorized as Point, Shape, or Compou
et al., 2019). Point facts use categorical breakdown
facts use ordinal ones, and Compound facts combine
sures to show relationships. A detailed taxonomy of th
is presented in Table 1.

Score quantifies the interestingness of a data fact a
termined by two factors: impact and significance. For
fact, impact is evaluated using an aggregation method
isfies the anti-monotonic condition (Ng et al., 1998; D
2019). In our system, we apply a count aggregation
for all measures, making the impact depend solely on
ber of data entries within each subspace, thereby ensu
plicity and efficiency. Thus, the impact of f acti is d
impacti =

COUNT(subspacei)
COUNT({∗}) . The calculation of signifi

designed based on prior work (Tang et al., 2017; Di
2019; Chen et al., 2024), and the specific methods for
ing significance for each type are summarized in Tab

5
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Algorithm 1: Automatic Fact Extraction
Input: Data
Output: Se

1 iThreshold
2 sThreshold
3 F ← ∅;
4 Function A
5 coverag
6 if cover
7 retu
8 end
9 if k = n

10 impa
11 subs
12 type
13 if ty
14 f

15 i
16

17 e
18 end
19 retu
20 end
21 foreach
22 new
23 AFE
24 end
25 AFE(S , ∅, 1
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set S
t of extracted facts F
← 0.01;
← 0.80;

FE(S , filterSet,mask, k):
e← 1

R
∑R

i=1 mask[i];
age < iThreshold then
rn;

then
ct ← coverage;
pace← filterSet;
← fastDetection(subspace);

pe , NULL then
act, significance←
SigCalculation(type);
f significance ≥ sThreshold then

F ← F ∪ {fact};
nd

rn;

vi
k+1 ∈ Vk+1 ∪ {∗} do

Mask ← mask ∧ [S : ak+1 = vi
k+1];

(filterSet ∪ {ak+1 = vi
k+1}, newMask, k + 1);

R, 0);

se two factors, the score of f acti is expressed as:

scorei = impacti × signi f icancei. (1)

one example to further illustrate the concept of
onsider a dataset with three subspace attributes:
er, and Year. One possible data fact derived from
({{Country = China}, {Gender = Male}, {Year =
come, Trend, 0.9), which indicates that the in-
s in China exhibits an increasing or decreasing
years, with a fact score of 0.9.
n explores and visualizes all data facts that meet

resholds, rather than limiting output to only the
ults. Unlike existing fact-driven tools, we pro-

matic Fact Extraction (AFE) function (R1) that
-First Search with impact-based pruning, rather
prioritization (Ding et al., 2019). The extraction
wn in algorithm 1. In practice, we set the impact
.01, consistent with previous work to maintain
tering sensitivity (Ding et al., 2019). The signif-
ld is set to 0.80, slightly lower than prior studies
019; Tang et al., 2017), allowing the inclusion

et of data facts while still ensuring statistical rel-
choice balances the tradeoff between capturing
hts and maintaining fact reliability in large, het-
tasets.

plete or partial. The mask identifies rows in datas
match the f ilterS et, acting as a selection vector. The
k records the number of applied filters, representing t
depth. To enable pruning, the algorithm computes c
which measures the influence of rows matching the
Branches with coverage below the threshold are prun
deeper branches introduce additional filters to the
meaning the number of matching records and the co
ing coverage cannot exceed that of the current bran
monotonicity of the count aggregation method ensure
rectness of this pruning. When k equals n, the subspac
plete. The fast detection step, guided by each type’s de
characteristics and the specifications (Ding et al., 2019
2025), as shown in Table 1, is then applied to quickly
the fact type. The algorithm then assesses the fact’
cance. If it meets or exceeds the threshold, the fact is
Otherwise, if the subspace is incomplete, the algorithm
the f ilterS et with the next attribute’s values and con
cursively until all branches are explored.

4.2. Fact Collection

After extracting a set of data facts, the next challeng
aging their potentially large volume to support scalab
ration. To tackle this, we introduce the concept of
lection (R2). Before its formal definition, we first p
preliminary one.

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

FAS k = { ai ∈ A | {ai = vi} ∈ f actk.subspace, vi ,

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

We organize data facts according to their FAS, whic
facts sharing the same filtered attribute dimensions. W
strategy resembles OLAP-style aggregation and grou
erations based on fact type or statistical properties,
substantially in both purpose and representation. OLA
ods primarily focus on summarizing numerical measur
multidimensional cubes for querying and analytical pr
Group-by operations based on fact type mainly catego
according to interestingness magnitude or predefined
gories, rather than semantic relationships. Similarly,
operations based on statistical properties cluster fact
ing to shared numerical characteristics or statistical
which may overlook the contextual meaning of the u
subspaces. In contrast, FAS-based grouping organizes
ically extracted data facts into semantically consisten
cal units for visual exploration, preserving subspace s
and relationships among facts to support interpretable
computation and hierarchical exploration.
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e FAS. This grouping supports structured ex-
higher level, as all FAS-equivalent facts can be
gle analytical unit. In this way, relationships be-

ons can be studied holistically, while still allow-
rill down into individual collections to examine
cts they contain. Organizing facts by FAS also
milarity computations between subspaces remain
comparisons are confined to consistent subspace

ther than heterogeneous ones. Since the union of
r measures across the contained facts is nearly
s collections, covering almost all categorical or

ibutes, it provides limited analytical value and is
ded from our definition. Formally, a fact collec-

nted as a 3-tuple:

(dimension, composite, index).

specifies the FAS shared by all facts in a collec-
ting its overall dimensionality. Since every fact
e FAS, the dimension of the collection is identi-
of its contained facts. The number of distinctive
ded in the dimension is called the filter count.
describes the variety of fact types within a col-
efined as the union of the types of all contained
ing which types are present. This property cap-
sity of patterns within the collection, and its size
pe count.
ures the overall interestingness of a collection.
by summing the scores of all contained facts,

ggregate measure of the collection’s significance.
ng facts in this way, we move beyond isolated
btain a structured representation that summarizes
facts while maintaining consistent subspace di-

is representation facilitates scalable visualization
bsequent hierarchical exploration.

Metrics
xtraction and collection formulation completed,
s to define similarity metrics for fact collections,
ose for data facts.

for Fact Collections
the similarity between collections, we consider

y components. Focusing on the dimension as-
two collections have dimensions {A, B,C} and
this case, (i) both share the same filter count,
verlap on the subset {B,C}. Therefore, both fil-
larity and dimension overlap serve as important
imilarity. To capture these aspects, we employ
y measures for count similarity (Alzamili et al.,
dimension overlap (Simpson, 1960). Combining
he similarity between dimensions Dm and Dn is

· min(|Dm|, |Dn|)
max(|Dm|, |Dn|) + (1−α) · |Dm ∩ Dn|

min(|Dm|, |Dn|) , (3)

creases the emphasis on the relative size of the dimen
while a smaller α increases the emphasis on their ove
default, we set α = 0.5 to give equal weight to both
A similar strategy is applied to compute the similarity
collections, denoted as S composite.

To assess similarity in terms of index, we adopt an
measure based on relative difference, which captures h
the index values of two collections are. The similarity
two indexes Im and In is defined as:

S index = 1 − |Im − In|
max(Im, In)

.

By integrating the three aspects, the overall simi
tween collectionm and collectionn is expressed as:

S collection = γ1 · S dimension + γ2 · S composite + γ3 · S in

where
∑3

i=1 γi = 1, and the weights can be adjusted
user preferences or task requirements. In our implem
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 simi

tween data facts. We begin with the subspace, whic
the scope of a data fact. As each subspace is defined
of filters applied to the dataset’s categorical attribut
et al., 2019; Tang et al., 2017; Shi et al., 2021), the
ity between subspaces can be computed by comparing
values of corresponding categorical attributes and ag
the results. Previous research has rarely incorporated
ity metrics for categorical attributes into subspace com
often overlooking this aspect due to heterogeneous di
or addressing it only in limited ways (Li et al., 2024b
et al., 2024). In our framework, all facts within a c
share the same FAS, which eliminates ambiguous c
are difficult to interpret, such as comparing {Country
with {Country = ∗}, and ensures that similarity compu
categorical attributes remains both consistent and mea

Numerous similarity metrics have been proposed
gorical data (Sulc and Rezanková, 2019; Boriah et a
After evaluating various options, we adopt Lin’s meas
1998), which provides an information-theoretic frame
assigns higher similarity to frequent matches and low
to rare mismatches in terms of frequency. However
Lin’s metric is better suited for ordinal or semantic
employ Lin1 (Sulc and Rezanková, 2019), an extensio
ders values by frequency, offering broader and more c
applicability across attributes. Formally, given two d
f actm and f actn within the same collection, let D d
collection’s dimension, Ak ∈ D denote an attribute in
lection’s dimension, and vm

k and vn
k be the correspond

values drawn from Vk. The similarity between vm
k

therefore defined as:

S Lin1(vm
k , v

n
k) =



1 if vm
k = vn

k
2 log

∑
q∈Q

pk(q)
∑

q∈Q
log pk(q) if vm

k , vn
k
,

7



Journal Pre-proof

(a)

Figure 3: Interact
three main filterin
ing, and (c) Type

where {Q ⊆ V
pk(vm

k ) ≤ pk(v
ity framework
ordinal attribu
subspaces defi
attribute-level
larity between

We denote
measure, and
values have a
noted as S 2, S
we use the sa
lection index
similarity betw
sum of these c

where
∑5

i=1 wi

to preferences
values are set
greater empha

5. Data Expl

To align wi
effective user
into three seq
lection–Fact V
ploration and
component, th
detailed inform
interface is sh

rst attribute
ygons, with
ther divides
ute a3 splits
completing

mine the
ion of in-
nt views
on.
e matrix
nal Scal-
2018) to

viding an
s occupy

rojection.
lgorithm
eingold,

l., 1995),
maintain

ap (Den-
ayout for
ign prin-

maintain-
, we rep-
umber of
ction: for
of sides,
Watson,
Figure 2
ons with
n shapes,
uish col-
ity across
, the size
isual en-
olor and
ensions,

rounding
ts, where
se design
bution of
f individ-
Jo
ur

na
l P

re
-p

ro
of(b) (c)

ive mechanisms of the Collection View. The system supports
g mechanisms: (a) Filter Count filtering, (b) Attribute filter-
Count filtering.

k | ∀q ∈ Q, pk(vm
k ) ≤ pk(q) ≤ pk(vn

k)}, assuming
n
k). To maintain consistency within the similar-
, we apply Lin1 uniformly to both nominal and
tes. Building on this, the similarity between two
ned by filters can be calculated by aggregating
similarities. Then the normalized subspace simi-
subspaces of facts f actm and f actn is given by:

S subspace =
1
|D|
∑

Ak∈D

S Lin1(vm
k , v

n
k). (7)

the subspace similarity as S 1. For breakdown,
type, we apply a simple overlap rule: identical
similarity of 1, and different values have 0, de-
3, and S 4 respectively. For the score component,
me computation as for S index, replacing the col-
with the fact’s score, denoted as S 5. The overall

een two data facts is then defined as a weighted
omponents:

S f act =

5∑

i=1

wi · S i, (8)

= 1, and the weights can be adjusted according
or requirements. In our implementation, these
to 0.5, 0.1, 0.1, 0.2, and 0.1 respectively, with

sis placed on the subspace component.

oration

th the structure of our framework and facilitate
exploration, the visualization system is organized
uential components: the Collection View, Col-
iew, and Fact View, which together support ex-

help users locate facts of interest. An additional
e Fact Gallery, allows users to review and record

ation about selected facts. The overall system
own in Figure 1.

Figure 4: A collection with three filters begins as a triangle. The fi
a1 with three distinct values divides the triangle into three subpol
the gray region representing {a1 = v1

1}. The second attribute a2 fur
this region into two, forming {a1 = v1

1, a2 = v1
2}, and the third attrib

it again into three, resulting in {a1 = v1
1, a2 = v1

2, a3 = v1
3}, thereby

one splitting branch.

5.1. Collection View

In this view, as shown in Figure 1A, users can exa
overall distribution of fact collections, select a collect
terest, and further explore its details in the subseque
(R2, R3), with additional features to support explorati

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

Glyph design. Inspired by the Categorical Data M
nig et al., 2024), we choose to use a Voronoi-style l
better visual effect. Building on established glyph des
ciples (Borgo et al., 2013; Fuchs et al., 2017) and
ing visual consistency with the Collection–Fact View
resent each collection as a regular polygon. The n
polygon sides reflects the number of filters in a colle
odd filter counts, the polygon has the same number
while for even counts we use n + 1 sides (Reza and
2019). The fact collection generation step shown in
further illustrates this design, demonstrating collecti
filter counts ranging from 0 to 7. Different polygo
together with a sequential color scheme, help disting
lections with different filter counts. To ensure scalabil
different datasets with varying numbers of collections
of each glyph is dynamically adjusted. Additional v
codings further enrich the representation: polygon c
the number of solid edges indicate the number of dim
with darker tones representing higher filter counts. Sur
Voronoi cells are shaded in blue to encode type coun
darker shades indicate greater diversity. Together, the
choices allow users to quickly grasp the overall distri
collections while also inspecting detailed attributes o
ual collections, as illustrated in Figure 1A2.
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ploration states of the Collection–Fact View. The figure illus-
act-selected, and reordered states for two example collections
of 5 and 3, respectively.

Attribute

Attribute Value (Breakdown)

ta Fact

Fact Density

Starting SideEnding Side

g

iled illustration of the Collection-Fact View, where different
components are annotated.

filtering mechanisms. The overview in Fig-
ys the distributions of index, type count, and fil-
he collections spatially arranged in Figure 1A2.

cient exploration, the Collection View offers
ve filtering mechanisms that let users focus on
ections matching specific criteria while dimming
ustrated in Figure 3, these mechanisms include:
nt filtering, which highlights collections with a
count; (b) Attribute filtering, which highlights

ntaining a chosen dimension; and (c) Type Count
h highlights collections according to their type
her, these tools help users refine the view, isolate
ts, and efficiently locate collections of interest.

n-Fact View
ection is selected, users can explore its contained
archically, examine their multidimensional rela-
observe their hierarchical distribution (R4); an

own in Figure 1B, with the corresponding view
wn in Figure 6.
n. Inspired by Hi-D Map (Reza and Watson,
llection–Fact View represents each collection as
ere each side corresponds to one attribute of the
mension. Attributes are distinguished by color.

vision proceeds in a near-side, clockwise order, and th
each resulting subpolygon encodes the total score of th
contains. Figure 4 illustrates an example of this spli
cess. Branches that contain no facts automatically
dividing. To reduce visual overlap caused by empty
small regions, we slightly adjust the area ratios deri
scores (setting them to 0.05 for zero scores and 0.15 fo
scores) and then re-normalize the layout. Attribute v
encoded using a dark-to-light color gradient applied c
making the subdivision order easy to follow. Indivi
facts are shown as small circles inside the subpolygon
an attribute has more than ten distinct values, they are
into three bins to improve readability.

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

Interaction. The Collection–Fact View supports
ploration states, as illustrated in Figure 5, which show
ples for two collections with filter counts of three an
the initial state, attributes are ordered by the number o
values from largest to smallest, reducing visual clutte
venting small subpolygons from being split into sm
tions. In the fact-selected state, selecting a fact hig
with a red circle, emphasizes the corresponding subp
red, and marks the relevant filters for each attribute
charts along the polygon’s sides. In the reordered sta
can drag and drop attributes to modify their order, bri
tributes of interest to the forefront for more flexible exp
in Figure 5, for instance, the last two attributes are swa
the layout updates accordingly.

5.3. Fact View

The Fact View provides an overview of the score a
distributions of all facts in the selected collection and
them according to their similarity (R2), as shown in F
Figure 7 illustrates how the view is constructed an
interpret its visual encodings. In Figure 7a, each da
represented by a circular glyph composed of an oute
ring and a miniature chart icon. The ring color dist
the three fact categories shown in the legend: blue f
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(b) (c)

uction process of the Fact View, consisting of three main
lyph encoding, (b) dimension reduction, and (c) addition of
tours.

ape, and green for Compound. Within each cat-
er icon indicates the specific fact type; for ex-
ns depict different distribution patterns, trends,
s, allowing facts with the same ring color to be
In Figure 7b, the glyphs are placed on a two-

anvas using the similarity-based layout strategy
on View, so nearby glyphs represent more similar
Figure 7c adds grayscale density contours (Sil-
beneath the glyphs to summarize the spatial con-

act scores. Darker regions indicate greater score
helping users identify high-score areas while re-
ividual glyphs for detailed inspection.

ery

ction–Fact View and Fact View, users can select
t, examine their details, and record those with no-
in the Fact Gallery (R5), as shown in Figure 1D.
ery offers a snapshot function that enables users
resting data facts discovered during exploration.
recorded, its position is highlighted in the Collec-

the corresponding Collection–Fact View is dis-
op-right corner for quick reference. Through this
can review detailed information, preserve mean-
, and progressively construct a personalized data
e system (Li et al., 2024a).

ve Designs

ion–Fact View uses multiple visual channels to
archical data facts. While this multi-channel ap-
ces complexity, it is necessary to support scalable
large and heterogeneous fact spaces. The view

erview-to-detail reading path, allowing users to
llection-level distribution to fact-level inspection.
red common hierarchical and multidimensional
techniques, including treemaps (Shneiderman,
st diagrams (Stasko and Zhang, 2000), and par-
es (Inselberg, 1985), as potential alternatives for
–Fact View. Treemaps efficiently use 2D space
al data, but they obscure attribute ordering and
ionships in multi-level hierarchies. Sunburst di-
ve hierarchical containment radially, yet radial
uneven angular allocation reduce interpretability
facts. Parallel coordinates represent multidimen-
ships well but lack hierarchical structure and se-

In contrast, the Collection–Fact View jointly enc
erarchical containment, semantic consistency, fact
and progressive drill-down in a polygonal subdivi
out. This design introduces complexity but preserves
ships across heterogeneous subspaces, supports inte
similarity computations, and provides a clear visua
chy for overview-to-detail exploration. Although mu
sual channels are used simultaneously, each chann
a distinct role. Integrating these encodings within
view helps maintain contextual awareness during ex
and avoids the fragmentation caused by multiple disc
views. While simpler alternatives exist, they do not s
ously support hierarchical navigation, semantic group
sity overview, and local fact inspection, which are c
DFCollection’s analytical goals. The resulting visual
ity is therefore an intentional design choice aimed at su
DFCollection’s core analytical and exploratory tasks.

6. Usage Scenarios

To evaluate the usefulness and effectiveness of ou
we present two usage scenarios that illustrate how a da
interacts with DFCollection in real-world settings, u
public datasets that were preprocessed for system com

6.1. Scenario 1: Australian Car Price
The first dataset contains records of second-hand

in Australia from 2010 to 20241. From this dataset,
8,811 data facts were generated. It contains 7,104 row
columns, with 3 measure attributes and 7 subspace a
The analyst explores how vehicle characteristics affe
prices, moving from collections with fewer filters to th
more, gradually refining the analysis without applyin
filters in the Collection View. The exploration follow
tion similarity, proceeding step by step through nearb
tions. Notably, the variable Year indicates the car’s
year rather than its resale year.

Given such amount of data facts, the analyst expre
the system remained very scalable and navigable ev
viewing all fact collections that contain 8,811 facts
in the overview. The exploration begins with Coll
which contains no filters. At this broad level, the an
serves a clear negative correlation between kilomete
and sale price across years. Moving to Collection 3
filter, diesel vehicles with 5-cylinder engines domin
while unleaded cars lead in the 6-cylinder category. I
tion 4, defined by two filters, a distinct pattern appe
cylinder automatic cars, whose sales rose steadily unti
in 2018. With three filters in Collection 5, brand differ
come evident: Holden and Toyota outperform others w
AWD, unleaded, 6-cylinder segment. Finally, in Co

1https://www.kaggle.com/datasets/nelgiriyewithan
australian-vehicle-prices
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ta stories are constructed in the usage scenarios: (a) an exploration of second-hand car sales in Australia (2010–2024) and (b) an
related to attrition and HR analytics. The figure combines the Collection View and Fact Gallery, with the identified data facts displaye
g fact collections for a more intuitive presentation. Scenario (b) applies attribute-based filtering on Attrition, as illustrated in Figure 3

s, the analyst finds that higher-priced hatchbacks
transmission, unleaded fuel, and 4-cylinder en-
the strongest sales. Through this open-ended ex-
analyst constructs a coherent data story, as shown

2: HR Employee Analytics
dataset contains employee records related to

uman resource analytics2. From this dataset,
cts were generated. It consists of 1,470 rows and
ith 2 measure attributes and 9 subspace attributes.
o, the analyst focuses on the Attrition attribute to
dings by attrition status. He limits the analysis
who have not attrited, using an attribute-filtering
ioned in subsection 5.1 that greys out collections
on. Unlike the first case, the analyst does not fol-
similarity but instead targets collections defined

mensions, placing Attrition first in the filter se-
collection for clarity.

system’s hierarchical visual design, the analyst
cate data facts with a clear focus on Attrition
t collection. The analyst begins with the Attrition
on retained employees, and observes that the Re-

velopment department dominates the workforce.
r, he finds Life Sciences and Medicine dominant
employees. Introducing BusinessTravel and nar-
ales who rarely travel, he relates age to monthly
otes that middle-aged and older employees earn
nger ones. Filtering further by Department, he

s in Research and Development who rarely travel
a sharp change around age thirty-five, where

d then decline. Adding Education, he observes
s employees with an education level 2 who rarely

w.kaggle.com/datasets/pavansubhasht/
ics-attrition-dataset

travel show no strong income concentration across e
fields. Finally, with the JobRole filter applied to male
Scientists in Research and Development with educatio
who rarely travel and have not attrited, he finds Life Sc
be the dominant education field. The analyst builds a
data story for the second dataset, as shown in Figure 8
the attribute-filtering function on Attrition.

7. Interview

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

7.1. Participants and Apparatus

We recruited 13 participants (P1–P13) from un
companies, and research institutes (3 females, 10 male
25.38, S D = 2.47), all with normal vision and prio
ence in data analysis or visualization. P1 and P2 w
experts with over five years of experience, P8 was a
lyst intern, P7, P10, P11, and P13 were master’s stud
cializing in data analysis and visualization, and P9 w
gorithm engineer focusing on data processing. The r
participants (P3, P4, P5, P6, P12) were undergraduat
students in computer-related fields who had extensiv
work and hands-on experience in data analysis or visu
ensuring they could effectively engage with DFColle
provide informed feedback. While the participant p
sisted primarily of students, all participants had releva
tise in visualization, data analysis, or related domains,
them to provide informed feedback on the system’s
and exploratory capabilities. Interviews were conduct
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oncept of fact collection helps me explore large datasets with many facts efficiently. 1 1 3 4 4 5.69

 Collection View, the Voronoi diagram helps me effectively explore fact collections. 1 1 5 3 3 5.46

 Collection–Fact View, the polygon-based visualization clearly shows the hierarchy and relationships. 2 8 3 5.92

 Fact View, the density contours help me focus on high-score facts and understand score distributions. 4 3 6 6.15

tion

ltering function effectively helps me select my desired collection.  2 3 3 5 5.85

efficiently check and record interesting facts to construct a data story during exploration.  2 5 6 6.31

reorder the sequence in the Collection–Fact View to focus on the attribute I want. 1 3 4 5 5.92

raction

ystem is easy to use. 1 5 6 1 5.54

uld like to use the system for data analysis and exploration in the future. 1 3 4 5 6

Strongly Disagree Mostly Disagree Disagree Neutral Agree Mostly Agree Strongly Agr
t advantages and disadvantages do you find in the system?

t suggestions do you have for improving the system?

ed Question

estionnaire used in the interview is structured into five sections: Data Processing, Visualization, User Interaction, Usability, and O
closed-ended question includes a corresponding rating, with detailed information provided for each scoring component. The qu

of 10 closed-ended questions and 2 open-ended questions.

h DFCollection deployed on a public server ac-
participants’ own computers. The study was con-
thical approval, and participation was voluntary

wees.

e

w began with an overview of DFCollection, its
nd limitations of prior work, followed by ex-

the system framework, key concepts, and visual
nutes). A demonstration using a simple dataset
ork (Ding et al., 2019) introduced two explo-
hes: similarity-based (subsection 6.1) and filter-
tion 6.2) (10 minutes). Participants subsequently
additional datasets independently (20 minutes).
hase, they were instructed to find and record 5
ta facts in the Fact Gallery during their explo-
ask was intentionally open-ended to encourage
ation behaviors, although it may limit direct com-
participants or systems. Finally, they completed
e with 10 closed-ended (Q1–Q10) and 2 open-
12) questions, as shown in Figure 9. The closed-

ns, rated on a 7-point Likert scale (Joshi et al.,
ed data processing, visualization, interaction, and
le the open-ended questions gathered feedback
on’s advantages, limitations, and suggestions (10
open discussion session was then conducted to

ants to share additional reflections on the system
The evaluation primarily focused on subjective

exploratory behaviors, with limited use of quan-
s to assess system efficiency.

esents the participants’ responses to the closed-
ns (Q1–Q10), showing the score distribution and
mean (M) for each question. The questionnaire

results indicate overall positive feedback on the syst
detailed analysis of each question is discussed in this

Data Processing. Most participants agreed that t
ated facts were interesting (Q1), confirming the effe
of our algorithm. Likewise, most found that organi
facts into collections improved efficiency when explor
datasets (Q2). P1 and P7 highlighted the value of group
by subspaces, while P9, who rated Q2 with a “3,” note
daily work rarely involves datasets with such a volume
but suggested it could be valuable in financial analysis

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

User Interaction. This section used three questio
sess the system’s main interaction functions (Q6–Q8)
participants gave positive feedback, with most agreein
interactive features effectively supported data explora
and P10 noted that the filter function might be less eff
users unfamiliar with a dataset, as they may not kno
to start. P13 added that while the reordering feature w
ful, the subsequent recalculation and re-evaluation ste
increase cognitive load.

Usability. This section evaluated the system’s ov
ability and participants’ willingness to use it for fu
analysis. Overall, participants found the system helpfu
pressed interest in applying it to future tasks. Howeve
participants noted that it takes some time to become
with the system.

Open-ended questions. In this section, particip

12
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cussed the system’s advantages, drawbacks, and potential im-
provements. Overall, they appreciated its ability to handle
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improve usabi
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ts and support flexible, interest-based filtering.
ral found it challenging to learn initially, partic-
rstanding its concepts and visual encodings. To
lity, P5, P7, and P9 suggested adding an onboard-
eractive guide, P6 and P10 proposed integrating
models (Zhao et al., 2024) for smarter analysis,

mended a scoring algorithm to suggest starting
loration.

on, we reflect on key lessons learned, acknowl-
ns in our current design, and highlight potential
future work.
onal Complexity. We designed a customized fact
rithm that integrates DFS pruning with a fast de-
nism to accelerate exploration. Its complexity
e number of attributes and their distinct values;
utes and up to M distinct values per attribute, the

plexity is O((M+1)N). While efficient for mod-
performance decreases as M and N grow. In

e plan to explore better optimization strategies to
nsiveness with large datasets, or develop a real-
that computes facts and collections dynamically

ploration rather than precomputing them all.
isual congestion, additional preprocessing of the
tracted data facts is often required, such as limit-
tributes, applying value binning, and simplifying
eneous subspaces. In future work, we plan to de-
automated preprocessing framework to improve
ciency, and usability.
y. DFCollection is effective and useful for scal-
rchical exploration, and the Collection-Fact View
tiple visual channels to support exploration from
tail. However, this design may also increase the
n for first-time users, particularly when interpret-
chical subdivision structure and multiple visual
ultaneously.
ploration. Currently, users navigate collections
pendently to construct data stories based on their
ths. However, analysts often face time constraints
em from examining every collection in detail. To
uture work will incorporate automatic summa-
facts within each collection to provide concise

speed up exploration while preserving user con-
direction, as noted by P13, is automatic story
ffer recommended narratives for user reference.

n of Rare Patterns. Exploration with DFCol-
d that prior work often emphasizes top-scored
erlooking rare but insightful patterns. Many re-
ch as the negative correlation between price and
datasets, appear repeatedly and offer limited nov-
st, uncommon patterns, such as a positive correla-
more valuable insights due to their rarity. Future

design to better highlight infrequent yet meaningful p

9. Conclusion

We presented DFCollection, a scalable and hierar
sual analytics system for exploring a vast number of d
By introducing the concept of fact collection, the syst
nizes data facts by subspace dimensionality and suppo
level exploration through coordinated visual interfaces
tions through two usage scenarios and in-depth user in
with 13 participants demonstrate that DFCollection e
enables scalable, structured, and interpretable explo
data facts. The evaluation also demonstrated the str
the system while revealing several limitations of the cu
sign, which will be addressed in future work.
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