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Abstract—Multivariate data contain an abundance of information and many techniques have been proposed to allow humans to
navigate this information in an ordered fashion. For this work, we focus on methods that seek to convey multivariate data as a collection
of bivariate scatterplots or parallel coordinates plots. Presenting multivariate data in this way requires a regime that determines in what
order the bivariate scatterplots are presented or in what order the parallel coordinate axes are arranged. We refer to this order as a
visualization sequence. Common techniques utilize standard statistical metrics like correlation, similarity or consistency. We expand on

the family of statistical metrics by incorporating the rigidity of causal relationships. To capture these relationships, we first derive a
causal graph from the data and then allow users to select from several semantic traversal schemes to derive the respective chart
sequence. We tested the sequences with a crowd-sourced user study and a user interview to confirm that the causality-informed
visualization sequences help viewers to better grasp the relationships that exist in the data, as opposed to sequences derived from

correlations or randomization alone.

Index Terms—Causality, Causal Graph, Visualization Sequence, Multivariate Visualization, Parallel Coordinates

1 INTRODUCTION

ULTIVARIATE data analysis can enable researchers
Mand practitioners to uncover meaningful insights,
make informed decisions, and optimize processes. Exam-
ples include analyzing healthcare data to identify associa-
tions between patient demographics, medical history, and
treatment outcomes; investigating consumer behavior data
to uncover connections between customer demographics,
product preferences, and marketing campaigns; and explor-
ing environmental data to understand the impact of climate
change on temperature, precipitation, and species diversity.

A prime goal in multivariate data analysis is to uncover
the intricate relationships that exist among the variables,
conveying a comprehensive understanding of the complex
system that underlies the data. An attractive method for this
purpose is to learn a causal model from the data. Causal
models can effectively elucidate linear relationships and
interdependencies that exist among the variables and are
easily visualized as node-link diagrams. While these models
can reveal more semantics than simple summary statistics,
they do not allow the analyst to detect irregularities, out-
liers, and unusual data patterns. Conversely, visualization
capitalizes on the unsurpassed power of the human visual
system to quickly recognize these types of irregularities.

There is a large arsenal of visualization methods, at a
wide gamut of complexity. A bivariate scatterplot is the
simplest visualization that can give a viewer insight into
data relations, but among two variables only. A Parallel
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Coordinates Plot (PCP) [1] draws each data point as a line
across several parallel data axes and as such can visualize
more than two variables. Other techniques for multivariate
data employ data embeddings, such as MDS [2], t-SNE [3],
and UMAP [4], to name the most prominent, but their
scatterplot projections primarily focus on the depiction of
clusters and neighborhood relations.

Bivariate scatterplots clearly reveal relationships be-
tween two continuous variables. Additional attributes can
be encoded using depth in 3D scatterplots or retinal vari-
ables such as color, shape, and size. But 3D plots often suffer
from perceptual issues like occlusion, distortion, and visual
clutter [5], while overloading 2D plots with more than one
or two retinal encodings can reduce interpretability [6].

To explore multivariate relationships, one alternative is
to construct a sequence of bivariate scatterplots. However,
with n variables, the number of plots and possible orderings
grows rapidly—for example, six variables yield 15 scatter-
plots and 15! permutations, while PCPs give rise to 6! axis
orderings—both resulting in a combinatorial explosion.

Bridging the gap between causal inference and data
visualization, we introduce a novel approach that leverages
a causal network to create a coherent sequence of bivariate
scatterplots or PCP axes. The order in which the plots
are presented ensures that each visualization builds upon
the previous one, progressively unveiling the underlying
causal structure with visual evidence. Viewers follow the
sequence from start to finish, thereby grasping the intricate
relationships in multivariate data. As a causal graph can
be traversed in many ways, multiple causal sequences can
be created, each uniquely narrating the same data. We use
the term coherent to emphasize causal consistency and di-
rectional interpretability in these sequences, distinguishing
them from arbitrary or correlation-based orderings.

Our paper is organized as follows. Section 2 lists some
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related work. Sections 3 and 4 present our narrative graph
traversal schemes and prototype to create and edit the
resulting sequences. Section 5 presents quantitative and
qualitative validations. Section 6 and 7 discuss the result,
limitations of our work, and some future work.

2 RELATED WORK

We divide the related work into two main areas, namely
data visualization with bivariate scatterplots and with PCPs,
specifically emphasizing information navigation. Further,
we also touch on work in the domain of narrative data vi-
sualization to provide a wider context to our proposed data
navigation method which we refer to as causal narratives.

2.1 Information Navigation with Scatterplots

A scatterplot can show the relationship between two vari-
ables and allow its viewers to immediately understand how
strong the relationship is. A shortcoming of this visualiza-
tion is that it can only display two variables at a time, and so
a natural extension is to combine multiple scatterplots into a
matrix called Scatterplot Matrix (SPLOM) [7]. It is practical
to order the plots by strength of relationship [8], such as
correlation or more complex notions of similarity [9], but
the order of visual traversal of the plots is still left to the
viewer, with no guidance provided.

A more sophisticated method is to use a quality-based
visualization matrix [10] whose rows are ordered according
to overall dimension quality gauged by e.g. Class Consis-
tency [11]. One may also take advantage of the concept of
Scagnostics [12] which parameterizes scatterplots as a vector
of appearance attributes, such as skew and stringiness. The
ScagExplorer [13] performs clustering in this space and
identifies a set of leader and follower plots which are then
laid out into various spatial configurations. None of these
methods, however, provides a unique sequence of plots that
can be “read” from start to finish.

Interaction can significantly improve information nav-
igation. The groundbreaking work by Elmqvist et al. [14]
presented the Rolling Dice method that allows users to
perform animated transitions among scatterplot matrix tiles
that share a common dimension. The motion parallax in the
temporary 3D animation fosters a better understanding of
the information shared among the two tiles. Users can de-
sign multi-tile tours across the scatter matrix (with multiple
transitions) and so gradually increase their understanding
of the multivariate space. However, there is no analytical
guidance to specify the paths of these tours. Our method
can complement this paradigm by providing automatically
generated causal tours to accelerate data understanding
without the need for interaction.

While scatterplot matrices are powerful tools for vi-
sualizing pairwise relationships, they are rarely used in
mainstream visual storytelling—especially for general au-
diences. Even highly data-literate outlets like The New York
Times seldom use scatterplot matrices, including small ones
(e.g., 3x3), but frequently employ individual scatterplots
to convey complex ideas in intuitive ways. Our goal is to
preserve analytical rigor while designing visualizations that
are familiar and cognitively approachable, following prior
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work in visual communication and journalism that empha-
sizes simplicity, familiarity, and narrative flow as essential
for engagement and comprehension [15]. We achieve this
by reinterpreting the scatterplot matrix as a causal sequence
of bivariate plots, making multivariate data more accessible.
A generalization of the scatterplot is the biplot [16]
where data points and dimension axes are projected into
the two most significant principal components. Since the
projection is linear, the only distortion is due to the lack
of contribution of the less significant principal components.
The Subspace Voyager [17] allows users to tilt a biplot with a
3D trackball interface, transitioning into adjacent subspaces
for a gradual exploration of the multivariate space. This
interface is a generalization of the Rolling Dice method and
can be supported by our causal network traversal schemes.
Another method to explore multivariate data through a
sequence of projections is the Grand Tour [18], which uses
projection pursuit [19] to generate dynamic views by opti-
mizing statistical “interestingness”—such as variance, clus-
tering, or correlation. These sequences are mathematically
driven and may lack semantic or domain interpretability.
In contrast, our method produces a deliberate sequence of
standard scatterplots by traversing a causal graph, where
each step follows a directed dependency. This results in
visualization sequences that are not just statistically in-
formative, but also interpretable in terms of cause-effect
mechanisms grounded in domain understanding.

2.2

The strength of a PCP is that multivariate data can be read
from left to right, forming a narrative structure told by the
order of the data dimensions. The information that can be
discerned this way strongly depends on the ordering of the
axes, and this has been a topic of extensive research, both
on automatic and on interactive methods.

Ankerst et al. [9] proposed a similarity metric that
compares two dimensions based on the root-mean-square
distances of all data points. The dimension ordering is then
optimized via an approximate traveling salesman solver.
Tatu et al. [20] introduced a similarity-based measure based
on Hough transforms. Johansson and Johansson [21] de-
fined a weighted metric that assesses dimensions by their
importance in correlation, outlier detection, and subspace
cluster significance to select relevant dimensions for a PCP.
Similarly, Artero et al. [22] explored the correlation of di-
mension pairings to optimize the ordering. Zhang et al. [23],
[24] allowed users to interactively design an axis ordering
on a correlation map of the variables.

Dasgupta and Kosara [25] proposed several metrics
based on the visual appearance of polylines to deter-
mine optimal dimension orderings. Peng et al. [26] fo-
cused on minimizing clutter and outliers between adja-
cent dimensions while establishing the ordering. Ferdosi
and Roerdink [27] ordered the dimensions based on high-
dimensional structures identified through subspace clus-
tering. Finally, Yang et al. [28] employed hierarchical di-
mension filtering in conjunction with dimension clustering
using Ankerst’s metric, and subsequently enabled users to
interactively navigate the hierarchy to create their desired
ordering. Regardless of whether the aforementioned works

Information Navigation with Parallel Coordinates
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are interactive or not, none utilize causality as their metric
for ordering PCP dimensions into a sequence.

Blumenschein et al. [29] investigated how different data
patterns, such as correlation, outliers, clusters, skew, and
clutter are exposed by the various existing ordering meth-
ods. Extending this study, Tyagi et al. [30] developed real-
time detection schemes for these patterns and implemented
an interactive visual user interface by which users could
specify preferences and generate the most appropriate di-
mension ordering. These approaches focus on interactive
PCP axis ordering guided by data patterns while ours aims
to automate the ordering process with respect to the user’s
chosen causal graph traversal strategy.

2.3 Narrative Data Visualization

Our method can be considered an approach for narra-
tive visualization because a visualization sequence chooses
which visualization appears first, similar to how a narra-
tive orders scenes. However, the overall design space of
narrative visualization is far broader than sequencing. The
seminal work of Segel and Heer [15] offered a systematic
review of the design space and narrative structures. They
described seven fundamental narrative genres that have
different characteristics including one without a prescribed
ordering [31]. These so-called reader-driven narratives are
not in the scope of our work. We focus on a subset of strict
author-driven narratives which visually show data in linear
sequences directed by causality. Hence we will refer to the
narratives we create as causal narratives.

3 METHODOLOGY

In this section, we describe how causal graphs are used
to generate visualization sequences via different traversal
strategies, or “narratives.” Figure 1 shows an example input
graph and resulting sequences for both PCPs and scat-
terplots. Each narrative corresponds to a specific strategy
and is illustrated using examples from multiple datasets, as
implemented in our prototype (Section 4).

3.1 Causal Graph Generation

The first step of our method is to generate a causal graph
that represents the directional dependencies between a
dataset’s variables. Following the foundational work by
Pearl [32] and Spirtes et al. [33], we represent causal rela-
tionships as a directed acyclic graph (DAG), where nodes
are variables and edges denote causal influence. Each edge
has a polarity (positive or negative) and a strength derived
from partial correlation tests.

To construct the causal graph several causal model pack-
ages can be used, such as TETRAD, DoWhy, and the causal-
learn library. We make use of the interactive visual causality
tool by Wang et al. [34] [35], which allows analysts to edit
the causal graph when the automatically inferred structure
does not fully align with domain knowledge. Without loss
of generality, we currently support only numerical data.

What sets causal analysis apart is that it provides
stronger explanatory power than correlation alone. While
correlation captures statistical associations, causal relation-
ships imply directionality and enable reasoning about coun-
terfactuals—the highest level on Pearl’s “causal ladder” [36].
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For example, a car’s weight affects its fuel economy (MPG),
but not vice versa. A causal graph reflects this asymmetry
by assigning a directed edge from weight to MPG, enabling
sequences that follow meaningful, cause-effect orderings. In
contrast, correlation cannot determine direction and may
lead to spurious or misleading sequences that obscure the
true structure of the data.

However, causal discovery algorithms rely on strong
assumptions, such as the absence of hidden confounders
and the sufficiency of the measured variables. These as-
sumptions may not hold in practice, and no algorithm can
guarantee recovery of the true causal structure without
expert input. To address this, the system by Wang et al. [34]
allows users to edit and refine the causal graph, enabling
domain knowledge to guide the visualization sequences.

3.2 Narrative Graph Generation

With the causal graph of a dataset in place, we can now
construct a narrative graph. Since each edge in a causal
graph is a causal relation, it represents a logical progression,
which is a key ingredient of any author-driven narrative.
The causal narratives we are interested in are driven by the
presentation of causal relationships that reveal dependen-
cies between different variables. Shown as a directed node-
link diagram, a narrative graph traverses a causal graph and
orders visualizations into a sequence.

For a bivariate scatterplot, each directed causal edge
generates a chart where the cause variable is mapped to
the x-axis and the effect variable is mapped to the y-axis.
They correspond to the tail and the head of an arrow,
respectively. Following the next causal edge, the previous
effect variable becomes the cause variable and switches to
the x-axis. The new effect variable takes its place on the y-
axis. This generates a sequence where adjacent scatterplots
are causally connected as a chain.

Likewise, for a PCP, the cause and effect variables of a
causal edge are assigned to the left and right axes. Because
a PCP can show more than two variables at a time, the next
causal edge need not switch axes and can simply add a
variable as another axis to the right of the existing ones. A
causal chain can be presented as one visualization in PCP.

The main task of generating a narrative graph from a
causal graph is to select which causal relationships or chains
to include in the narrative and to decide in which order to
present them. The selection of causal chains is determined
by the type of narrative. Each chain is then turned into a
node or a sequence of nodes in the narrative graph. Note
that this approach to narrative generation is independent of
the domain of the data.

Figure 2 shows narrative graphs constructed from three
basic causal relationships: causal chain (mediator), common
cause (confounder), and common effect (collider). Different
causal graph structures are expected to lead to different
narrative graphs. Also, different visualization types can
produce different narrative graphs. For instance, a simple
chain of causal relationships can be represented by one PCP,
while a sequence of bivariate scatterplots (one per causal
relation or variable pair) is necessary to convey the same
information. Our current prototype implements only two
visualization types: scatterplot and PCP.
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Fig. 1: (a) Causal graph for the Cars dataset. Solid and dashed edges denote positive and negative weights, respectively. (b)
Causal sequence for the exhaustive narrative graph traversal scheme designed to be used with a PCP. The dimension pairs
in bold font indicate the focused causal relations in each panel. (c) Causal sequence for the exhaustive narrative traversal

scheme designed to be used with bivariate scatterplots.
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Fig. 2: Different narrative graphs are the result of both the graph topology and visualization type: PCP and scatterplot.
From top to bottom, examples here are of three typical patterns: causal chain (mediator), common cause (confounder), and
common effect (collider). A, B, C, and D denote different data variables that are connected by arrows to form different
causal graphs. A rectangle surrounding the letters indicates a visualization of respective variables; a PCP can show many
variables at once so a box can contain ABC, for instance, while a scatterplot can present at most two variables such as
AB. A complete traversal in PCP may simply be one plot while the same traversal in scatterplot may need more plots to
flashback to go through all variables. If a chain, say BC, is short, it may not be necessary to traverse back to the previous

chain in order to move forward to the next chain.

As shown in Figure 2, each narrative graph node can
be revisited as many times as necessary. In some cases,
this creates a flashback to the sequential flow which we will
explain further below.

As a causal graph can be traversed in numerous ways,
there are many possible narratives. In this paper, we propose
four different traversal schemes which lead to four different
narratives: (1) exhaustive, (2) detective, (3) dramatic, and
(4) journalistic narratives. Some narratives may be more
appropriate for certain audiences or purposes. Our goal at
this point is not to automatically select the best narrative
but to suggest some possible ones to the users of our proto-
type. The user interface, as described in the supplementary
materials allows choosing between these four generated
narratives and further edit them.

Exhaustive Narrative

This narrative gives a complete overview of all causal re-
lationships, so it is often the longest and the most detailed
of all proposed narratives. For a connected graph structure,
common graph traversal algorithms are directly applicable
to this task. We chose the depth-first search algorithm as
it naturally follows causal chains and backtracks to the
closest unvisited variables. Causal graph nodes that have

no incoming edges, i.e. they are not an effect of any cause,
serve as the root nodes for the search algorithm. The search
extracts all chains from those roots to any leaf nodes, which
have no outgoing edges or are not a cause of any effect. As
a causal graph is a directed acyclic graph, there are always
such root and leaf nodes and the algorithm always works.

As mentioned earlier, different visualization types may
result in different narrative graphs, given the same causal
graph. A PCP can display several variables in one visual-
ization so it can show an entire causal chain. An exhaustive
narrative graph for PCP can thus simply present all causal
chains from the search algorithm. To minimize abrupt visual
changes, all chains are sorted by length and then swapped
to reduce local edit distances between adjacent paths. The
polylines are also bundled and colored for better readability.

Figure 1(b) shows an exhaustive narrative graph for a
PCP of the Cars dataset [37]. There are three causal chains,
all starting with the causal relation from ‘#cylinders’ to
‘displacement” and then branching off into two relationships
of the same cause variable ‘displacement’ to two different
effect variables, ‘weight” and ‘horsepower’. Two out of three
chains end with ‘time to accelerate” while the final variable
of the third chain is ‘"MPG’. Figure 3 presents these three
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#eylinders displacement weight MPG
8

Chain 1. Data in view: #cylinders, displacement,
weight and MPG. #cylinders and displacement
are positively correlated (r=0.95). Displacement and
weight are positively correlated (r=0.93). Weight and
MPG are negatively correlated (r=-0.79).

time to accelerate

#eylinders
8

displacement weight

Chain 2. #cylinders, displacement, weight and time
to accelerate. #cylinders and displacement are posi-
tively correlated (r=0.95). Displacement and weight
are positively correlated (r=0.93). Weight and time to
accelerate are weakly negatively correlated (r=-0.43).

5

#eylinders displacement horsepower time to accelerate
8

Chain 3. #cylinders, displacement, horsepower (HP)
and time to accelerate. #cylinders and displacement
are positively correlated (r=0.95). Displacement and
HP are positively correlated (r=0.87). HP and time to
accelerate are negatively correlated (r=-0.68)

Fig. 3: An automatically generated exhaustive sequence for the Cars dataset with PCPs.
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Frame 1. Data in view: #cylinders (x-axis) and dis-
placement (y-axis). #cylinders and displacement are
positively correlated (r=0.95).
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Frame 4. Data in view: weight (x-axis) and time to
accelerate (y-axis). Weight and time to accelerate are
weakly negatively correlated (r=-0.43).
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Frame 2. Data in view: displacement (x-axis) and
weight (y-axis). Displacement and weight are posi-
tively correlated (r=0.93).
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Frame 5. Data in view: displacement (x-axis) and
horsepower (y-axis). Displacement and horsepower
are positively correlated (r=0.87).
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weight

Frame 3. Data in view: weight (x-axis) and MPG (y-
axis). Weight and MPG are negatively correlated (r=-
0.79).

time to accelerate

horsepower
Frame 6. Data in view: horsepower (x-axis) and time
to accelerate (y-axis). Horsepower and time to accel-
erate are negatively correlated (r=-0.68).

Fig. 4: An automatically generated exhaustive sequence for the Cars dataset with scatterplots. Not shown is the flashback

frame after Frame 4, where Frame 1 would be repeated after Frame 4.

chains as a sequence in PCPs.

A scatterplot can present only two variables at a time, so
each visualization of an exhaustive narrative for scatterplot
can display only one causal link between two variables.
The first visualization starts from one of the root variables.
While traversing, the current and the next causal relations
share a variable, i.e. the effect of the former and the cause
of the latter. When the effect variable is a leaf variable, the
search algorithm backtracks to an unexplored branch and
the exhaustive narrative structure includes a flashback to the
nearest scatterplot whose effect variable is the cause variable
of the new chain’s first scatterplot.

Figure 1(c) shows an exhaustive narrative graph for scat-
terplots of the Cars dataset and Figure 4 presents its corre-
sponding sequence. Due to space limitation, the figure does
not show the flashback visualization that is the scatterplot of

the number of cylinders and engine displacement which is
the first cause variable of the new chain.

To accentuate the causal flow in a sequence, certain data
samples are selected to give examples to the narrative. They
are highlighted as a yellow mark in a scatterplot and a
yellow polyline in a PCP. For positively correlated variables,
the system selects one of the data samples whose values
are high in both variables. Conversely, data samples whose
values are either high and low or low and high are good
examples for negatively correlated variable pairs. Picking a
data sample of both types is done via rejection sampling
which randomly chooses a sample until all criteria are met.
All adjacent variable pairs in a PCP are simultaneously
considered. The same method to select data samples as
examples also applies to other narratives.



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS

MPG #oylinders  displacement horsepower
8

weight time to accelerate _year
82

Intro. Data dimensions: MPG, #cylinders, displace-
ment, horsepower, weight, time to accelerate and year

#eylinders displacement weight time to accelerate
8

Optimize time to accelerate by (chain 2): decreas-
ing weight, decreasing displacement, and decreasing
#cylinders.

The highlighted example has: low #cylinders, low
displacement, low weight, and low time to accelerate.

time to accelerate

mﬂes‘;er gallon
Goal 1: high MPG, Goal 2: low time to accelerate

Coloring indicates if samples meet both (purple), one
(blue/green), or neither (grey) goal polarities. Colors
differ from those used for clustering in the PCPs.

#eylinders displacement horsepower time to accelerate
8

Optimize time to accelerate by (chain 3): increas-
ing horsepower (HP), increasing displacement, and
increasing #cylinders.

The highlighted example has: high #cylinders, high
displacement, high HP, and low time to accelerate.

displacement

#eylinders weight MPG
8

Optimize MPG by (chain 1): decreasing weight, de-
creasing displacement, and decreasing #cylinders.

The highlighted example has: low #cylinders, low
displacement, low weight, and high MPG.

horsepower MPG time to accelerate weight

150 1
100

50

0

Suggestions: increase horsepower and decrease
weight.

Fig. 5: Selected panels from an automatically generated detective sequence for the Cars dataset. Some visualizations are
developed incrementally over the course of several panels. PCPs can be built up incrementally adding one dimension at a

time. Here, we only show the final views. The data examples are highlighted in yellow

Suggestion/
Intro Trade-off
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Fig. 6: A detective or journalistic PCP sequence from a sim-
ple causal chain starts with an introduction of all variables
then builds up the chain from the goal or effect variable.
The two narratives lead to differing conclusions. A detective
sequence aims to show how to optimize the goal variables,
while a journalistic sequence points out how the goal vari-
ables cannot be optimized at the same time.

Causality Graph

A—B——C

Detective Narrative

An exhaustive narrative and sequence may seem uneventful
as it traverses all causal relations from cause to effect. On
the other hand, a detective narrative reverses the traversal,
unraveling from an effect or ultimate goal to immediate
causes and finally unveiling the primary causes. In the same
fashion as a whodunit story [38], this narrative functions like
a puzzle for a reader to deduce answers or cause variables
from clues or effect variables.

All leaf variables without outgoing edges are legitimate
goal variables and can be traced back through their causal
chains to explain themselves. The goal variables and their
desired polarities are user-defined. The Cars dataset has two
leaf variables: ‘"MPG’” and ‘time to accelerate’. The former

should be high while the latter should be low.

To effectively use all supported visualization types in a
detective narrative, we mix scatterplot and PCP together and
use them for showing exactly two variables and more than
two variables, respectively. A simple causal chain turns into
a visualization sequence as illustrated in Figure 6 for PCP.

Figure 5 shows the visualization sequence from a detec-
tive narrative for the Cars dataset. The sequence begins with
an introductory PCP that presents all data variables. The
goal variables are shown in a scatterplot because there are
two goal variables. Then each chain is presented from its
goal variable; a new axis is incrementally added to the left
of the PCP. After presenting the whole chain, a data sample
that optimizes its goal is highlighted as an example. For
instance, the third chart of Figure 5 shows the causal chain
of “#cylinders’, ‘displacement’, ‘weight’, and ‘MPG’” with
a highlighted data sample that has low ‘#cylinders’, low
‘displacement’, and light ‘weight’ and leads to the desired
goal of high ‘MPG’. We use the same rejection sampling as
explained in the exhaustive narrative.

In the end of the detective narrative a conclusion sum-
marizes what variables should be increased or decreased
to achieve the optimal values of the goal variables. This is
particularly useful for conflicting causal relations. For ex-
ample, the two causal chains to optimize ‘time to accelerate’
in the Cars dataset are irreconcilable. One chain needs low
“#cylinders” and “displacement” while the other requires the
opposite. Our system recognizes these conflicting variables
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Fig. 7: Causal graph for the Sales dataset. Bold nodes involve
in a causal and narrative conflict.

Causality Graph Conflict

N

Fig. 8: A dramatic PCP sequence from a simple causal con-
flict starts with an overview of the conflict, shows the two
contrasting causal paths, and concludes with a resolution.

Resolution

c

A

further down the causal chains for all goals and excludes
them from the suggestions in the summary.

In the last chart of Figure 5, the suggestions for the Cars
dataset involve only the immediate causes ‘horsepower’
and ‘weight’. The goal variables in the suggestions are
shown in the middle of a PCP with the suggested immediate
causes to the left and right. This chart succinctly reveals
an engineering challenge exposed by the causal network,
i.e. the need to increase horsepower while simultaneously
keeping the weight low. The polyline coloring effectively
visualizes this. The maroon lines (high ‘horsepower’) lead
to low ‘MPG’ but achieve low “time to accelerate’, while the
green lines (low ‘weight’) lead to high ‘time to accelerate’
but achieve high ‘"MPG’. A solution to this challenge may
be incorporating more lightweight material that reduces
weight and does not affect acceleration time.

Dramatic Narrative

The conflicting variables in the detective narrative and Frey-
tag’s pyramid of dramatic structure [39] inspired the dra-
matic narrative. The dramatic structure of five stages — ex-
position, rising action, climax, falling action, and resolution
— appear in many stories and should engage a reader’s
attention as it revolves around a conflict. We propose that a
causal conflict can serve as a dramatic conflict and drive a
dramatic narrative.

To create such a narrative, a conflict must be formally
established. We use the definition of a causal collider or a
variable with more than one cause to establish a conflict in a
causal graph. A causal conflict occurs when a collider has at
least a pair of causes that are directly linked and their two
different paths are inconsistent.

The Cars dataset does not possess such a conflict, but the
causal graph for the Sales dataset [23] shown in Figure 7
contains one. In this graph, we observe that ‘Cost/Won

7

Lead’ positively affects ‘Actual Cost” which also positively
influences ‘Pipeline Revenue’, while ‘Cost/Won Lead’ di-
rectly causes ‘Pipeline Revenue’ in a negative way.

To construct a dramatic narrative graph, all colliders are
identified and each pair of causes of the same collider is
analyzed. First, both causes and the common effect are
displayed in the same visualization to emphasize their
confounding relations. Then a step-by-step walkthrough of
direct influence (the first cause to the collider) and indirect
influence (the first cause to the second cause to the collider)
is presented. In the end, a statistical analysis shows the
dominant path and cause. Data samples are highlighted to
visually aid causal inspection. The causal conflict and its
resulting visualization sequence are illustrated in Figure 8.

Figure 9 shows the crucial parts of the dramatic narrative
generated based on the Sales dataset. The narrative evolves
around whether ‘Cost/Won Lead” or “‘Actual Cost’ is more
influential and it concludes that it is “Cost/Won Lead’ that
actually affects ‘Pipeline Revenue’. The conflict resolution
should invite a reader to take a closer look at the data;
the polylines for ‘Cost/Won Lead” look far more coherent
than those for ‘Actual Cost” which have a more random
appearance suggesting a weaker causality.

Note that only single-level causal inconsistencies are
currently taken into consideration. Multilevel conflicts
such as the paths of displacement-weight-acceleration and
displacement-horsepower-acceleration in the Cars dataset
are possible but may result in a complicated narrative.

Journalistic Narrative

Another way to show conflicting variables is to present
them as a trade-off. Because this narrative is similar to
how a journalist would write a balanced story [40], we
call it a journalistic narrative. The process to find a conflict
is the same as a dramatic narrative. Similar to a detective
narrative, a journalistic narrative begins with an overview of
all variables. Then it shows user-defined goals and explains
the causes of each goal in a progressively built-up causal
chain in PCP, as shown in Figure 6.

Instead of a summary with suggestions as in a detective
narrative, a journalistic narrative points out the variables
that optimize only a subset of all goals. Such causes can be
found in a network among the lowest common ancestors
of the goals. The data polarities of all goal variables —
whether high or low values are preferable — are propagated
through the causal network. A trade-off happens when there
is a variable whose propagated polarities are opposing i.e.
its values cannot be adjusted to optimize two incompatible
requirements at the same time.

In Figure 10, engine displacement in the Cars dataset is
the variable that trades off ‘"MPG’” and ‘time to accelerate’.
The system highlights two extreme cases and the PCP in the
summary tells the reader to choose between them.

4 |IMPLEMENTATION

We implemented a prototype for creating a chart sequence
with the help of several libraries such as Simple Statis-
tics for basic data statistics, D3.js for visualizations, and
Syntagmatic’s Parallel Coordinates for PCP bundling. All
animations and interactions were responsive on any modern
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Antagonist’s view: High Ac-
tual Cost causes high Pipeline
Revenue; some exceptional low
Cost/Won Lead earn higher
Pipeline Revenue (at 75 C/WL,
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(the blue line bundle).
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Resolution: A statistical anal-
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Lead dominates the effect of
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the observed exceptions.

view  2:

with the

Fig. 9: An excerpt of a dramatic sequence for the Sales dataset. This set of frames describes the conflict that arises from the
relationships between Cost/Won Lead, Actual Cost, and Pipeline Revenue. See Figure 7 for the causal graph.

MPG #oylinders  displacement horsepower  weight time to accelerate _year
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Intro. Data dimensions: MPG, #cylinders, displace-
ment, horsepower, weight, time to accelerate and year

#eylinders displacement weight time to accelerate
8

time to accelerate

1 5 10 15 20 2 50 3 a0 s
miles per gallon

Goal 1: high MPG, Goal 2: low time to accelerate

Coloring indicates if samples meet both (purple), one
(blue/green), or neither (grey) goal polarities. Colors
differ from those used for clustering in the PCPs.

#eylinders displacement horsepower time to accelerate
8

#eylinders displacement weight
8

Optimize MPG by (chain 1): decreasing weight, de-
creasing displacement, and decreasing #cylinders.

The highlighted example has: low #cylinders, low
displacement, low weight, and high MPG.

time to accelerate

displacement

#eylinders MPG

Optimize time to accelerate by (chain 2): decreas-
ing weight, decreasing displacement, and decreasing

#cylinders. increasing #cylinders.

The highlighted example has: low #cylinders, low
displacement, low weight, and low time to accelerate.

Optimize time to accelerate by (chain 3): increas-
ing horsepower (HP), increasing displacement, and

The highlighted example has: high #cylinders, high
displacement, high HP, and low time to accelerate.

Trade-off: MPG and time to accelerate.

The two cars highlighted separately in previous pan-
els are now shown together as incompatible choices.
Yet, the considerable fluctuations along both goal vari-
ables suggest that there might be compromises.

Fig. 10: Selected panels from an automatically generated journalistic sequence for the Cars dataset. As in Figure 5, we only
show the final views of visualizations that are developed over multiple panels.

browser. As described in Section 3, we used a previously
implemented tool to compute the causal graphs.

The datasets in all previous and upcoming examples
have 7-10 dimensions and up to 100s of data samples. They
were primarily chosen because their domains are suitable
for a general audience. The only input necessary from a
storyteller were a few additional properties to complement
a dataset such as data polarity. For example, in the College
dataset [41], we required user input to specify that a desir-
able college should have a high ranking and low tuition.

Our approach does not depend on any specific data
domain. To demonstrate this, we present two additional
sequences of the journalistic and detective narratives. Based
on the College dataset, Figure 11 shows a sequence that ex-

hibits a trade-off between school rankings and affordability.
From the PM10 dataset [37], another sequence in Figure 12
investigates the cause of air pollution and describes that the
concentration of particles in the air is lower in the morning
(Hour is low) with fewer cars (low #Cars/hr) and when
there is a breeze (Wind Speed is higher).

5 VALIDATION

We conducted two studies to validate the usefulness of
causal sequences and the tool to control them. The first
study was crowd-sourced to measure whether our causal
sequences could help viewers grasp the relationships em-
bedded in multivariate data better than an ordinary se-
quence uninformed by causal relations. Besides quantitative



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS

“ s ® % ® ® 0 8 m ® w
US News score.

Intro. Data dimensions: academics, atmo-
sphere, nightlife, transportation, weather,
US News score and tuition.

Goall: high US News score.
Goal2: low tuition.

US News score

% 78 e e w0 s 0 ws om0 o
academics

Optimize US News score by: increasing
academics.
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demics.

The highlighted example has: low aca-
demics and low tuition.
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Trade-off: US News score
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The two highlighted col-
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but compromises may exist.

Fig. 11: An abridged version of an automatically generated journalistic sequence for the College dataset explaining the
trade-off between college ranking and tuition. [...] indicates where the sequence has been shortened. As before, only the

final views are shown when visualization and text are developed over the course of multiple panels.

Concentration  #Cars/r  Temperature Wind Speed  Temp Diff Wind Direction  Hour
4 "

Intro. Data dimensions: Concentration,
#Cars/hr, Temperature, Wind Speed,
Temp Diff, Wind Direction and Hour.

Goal: low Concentration.

Optimize Concentration by (chain 1): in-
creasing Wind Speed.

The highlighted example has: high Wind
Speed and low Concentration.

Hour #Carshr Concentration

Optimize Concentration by (chain
2): decreasing #Cars/hr and Hour.

The highlighted example has: low
Hour, low #Cars/hr and low Conc.

Wind Speed

Concentration

Suggestions: increase Wind Speed
and decrease #Cars/hr and Hour

Fig. 12: An abridged version of an automatically generated defective sequence for the PM10 dataset. as before, only the final

views of multi-panel developments are shown.

measures, we interviewed potential users of such sequences
to comment on causal sequences and our prototype. The
second study was qualitative in nature. Both studies were
granted an IRB exempt review as it presented minimal risks
and collected no identifiable information of any participant.

5.1 Quantitative Validation

We designed an experiment to compare how different scat-
terplot and PCP sequences support causal data understand-
ing. The sequence types were limited to exhaustive and
detective narratives because they require no causal conflicts
and exist in all datasets. 50 participants were recruited via
Amazon Mechanical Turk and each was compensated $5 for
participating in the study.

5.1.1  Experiment Design
The study was conducted as a web-based questionnaire
consisting of an introduction, a tutorial on one of two
visualization types (scatterplot or PCP), a practice task, and
a series of four tasks featuring different chart sequences. For
each task, participants were asked to write a brief narrative
describing the relationships between dataset attributes that
they could infer from the provided chart sequences.

Before beginning the main task, participants received
a brief tutorial introducing the visualization format (scat-
terplot or PCP) and the concept of a sequence. The tuto-
rial used a few simple examples—such as showing that
as temperature increases, ice cream sales also increase—to

illustrate how one variable can relate to another within a
single view. No causal language was used. Participants then
answered a multiple-choice test question based on a similar
example to confirm their understanding of how to read
the plots. This ensured consistency across conditions while
minimizing interpretive bias. The full tutorial text and all
example sequences are provided in the supplement.

Each task was based on a different dataset — Cars, Sales,
College, and PM10 — to minimize learning effects. The chart
sequences varied across four types: exhaustive, detective,
spurious, and random. Exhaustive and detective sequences
corresponded to the narratives described in Section 3.2. In
random sequences, variables were grouped into pairs at ran-
dom. For spurious sequences, variables that were correlated
were grouped together and presented in a random order.
Each participant was shown 4 out of the 16 possible dataset-
sequence combinations.

Responses from 9 out of 50 participants were excluded
due to invalid submissions for at least one task.! For each
visualization type, we collected approximately 5 valid re-
sponses per dataset-sequence combination. These responses
were analyzed to determine whether different chart se-
quences influenced participants’ ability to extract causal
relationships between dataset attributes.

1. Some responses consisted of random or irrelevant text, such as
single characters, random numbers, or a list of attribute names. Others
provided explanations of dataset concepts, as generated with ChatGPT,
without addressing the relationships shown in the sequences.
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TABLE 1: The averages of quantitative metrics — precision
(P), recall (R), and F1 score in percentage — of all sequences
in scatterplot and PCP.

Scatterplot PCP
Sequence
P R F1 P R F1
Exhaustive 8238 39.51 5341 70.81 4411 54.36
Detective 7405 5979 66.16 | 7375 90.74 8137
Spurious 4850 2352 3168 | 3278 1818  23.39
Random 15.04 4.48 690 | 15.88 7.26 9.96

5.1.2 Clause Analysis

We divided each response into clauses (relations) that im-
plied causality. Two of the co-authors independently an-
notated these clauses, and any non-causal clauses were
removed. After discussion and reconciliation, each clause
was assigned a score based on its accuracy: 0 for clauses that
identified an incorrect causal variable pair, 0.5 for clauses
that identified a correct pair but with the wrong causal
direction, and 1 for clauses that correctly identified both the
variable pair and the causal direction.

As the visualization sequences varied in length, we
computed the total score for each response as well as two
normalized metrics. The ratio of the total score to the num-
ber of clauses written was treated as the precision of the
response, while the ratio of the total score to the number
of variable pairs shown in the visualization was treated as
the recall. Following common practice in classification tasks,
we also calculated the F1 score as the harmonic mean of
precision and recall.

According to the average F1 scores shown in Table 1, the
exhaustive and detective sequences clearly outperformed the
spurious and random sequences. For the scatterplot condi-
tion, a one-way Analysis of Variance (ANOVA) confirmed
that there was a statistically significant difference among
sequence types (F'(3,76) = 24.85,p < 0.01). A post-hoc
Tukey’s Honestly Significant Difference (HSD) test found
that the average F1 score was significantly different in all
sequence pairs (p < 0.05) except the pair of exhaustive and
detective sequences (p = 0.67).

There was a statistically significant difference among
sequence types shown in PCP as well (F'(3,80) = 21.47,p <
0.01). In a HSD test, the average F1 score was significantly
different in all sequence pairs (p < 0.01) except the pair of
causal sequences (exhaustive and detective, p = 0.15) and the
pair of control sequences (spurious and random, p = 0.38).

5.1.3 Causal Structure Analysis

To better understand which sequence strategies might sup-
port a more comprehensive causal understanding, we ana-
lyzed the degree of connectivity among individual clauses.
A node (attribute) in a causal graph can act as a mediator
(with both incoming and outgoing edges), a collider (with
only incoming edges), a confounder (with only outgoing
edges), or a combination of these. We consider a user to
have acquired a more comprehensive causal understanding
if their narrative contains valid clauses that reference a node
multiple times, regardless of its role as a mediator, collider,
or confounder.

10
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Fig. 13: Average normalized causal structure scores for all (a)
scatterplot and (b) PCP sequences and the 4 datasets. Each
score averages 5 participants. A score of 1.0 would denote
that for each node with more than one in- or outgoing edge
all edges were identified. The last two sets of bars are the
Median and Average scores, respectively, across all datasets.

For this analysis, we counted how often each node was
referenced by a user. Because the number of edges per
node varied, we normalized the counts by dividing by the
maximum possible mentions for each node. We visualize
both the total and normalized mention counts as heatmaps
for each dataset, included in the supplementary material.

Figure 13 provides a summary of the observed patterns.
Overall, we observe a clear trend suggesting an advantage
of both the detective and exhaustive narratives over the ran-
dom and spurious ones, although the distinction between
detective and exhaustive is more subtle — an ANOVA test
failed to establish a statistically significant difference. For
PCP narratives, detective appears to outperform exhaustive
in both median and average scores, showing convincingly
better results for the PM10 and Sales datasets, with a near
tie for Cars and College. For scatterplot narratives, exhaustive
appears to perform better in the College dataset, whereas
detective shows an advantage in the Cars dataset, potentially
influenced by the larger number of plots forming the se-
quence (12 vs. 8, see supplement). The differences across the
other datasets are relatively minor. Taken together, these ex-
ploratory results suggest that if the goal is to identify causal
structures, detective may be the safer choice for PCP, while
for scatterplots, the choice between detective and exhaustive
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may depend more on user preference.

5.2 Qualitative Validation

To complement our controlled study, we conducted an
exploratory qualitative evaluation with five domain ex-
perts: four data storytellers (S1-S4) and one journalism
professor (P1). All had experience in descriptive data anal-
ysis and crafting narratives to communicate complex in-
sights—particularly on social issues—in a way that is acces-
sible and engaging to general audiences. The goal was to un-
derstand how users with communication expertise engage
with different narrative styles generated by our system and
gather early insights into their interpretability, storytelling
potential, and support for multivariate reasoning.

Each 20-30 minute session included a walkthrough of
narrative sequences—exhaustive, detective, dramatic, and
journalistic—based on the College, Cars, and Sales datasets.
Participants were asked to reflect on the clarity, structure,
and applicability of these sequences, and encouraged to
give open-ended feedback on usability and alignment with
professional storytelling practices.

Participants generally found the sequences understand-
able and aligned with their communication goals. They ap-
preciated the use of example data points beneath each view,
which helped ground the narratives and mirrors storytelling
approaches they use in practice. Notably, while four of the
five participants had not encountered parallel coordinate
plots before, they were able to make sense of the visual
encodings within the context of the narrative.

Participants differentiated between narrative types and
found some more compelling than others. The journalistic
sequence for the College dataset (Figure 11) drew particular
attention. P1 remarked that it resembled the structure of an
investigative story, presenting trade-offs and directional re-
lationships in a way that mirrored how real-world reporting
builds tension and supports argumentation. 54 commented
that the sequence “raises the kinds of questions a journalist
or policy analyst would want to explore further.” This
suggests that the journalistic narrative, in particular, may
naturally align with professional storytelling conventions.

Participants also offered constructive feedback for future
extensions. P1 and S4 emphasized the need for more tradi-
tional journalistic patterns such as grouping by geography
or time, surfacing extremes (e.g., top 10 or bottom 10),
and highlighting contrast. S1 and S3 requested support
for additional chart types, while S2 proposed the integra-
tion of multiple datasets within a single narrative. Several
participants suggested the ability to inject prior domain
knowledge into the causal sequence (e.g., asserting a known
link), or to adjust the narrative length and complexity based
on audience needs.

Overall, these sessions suggest that causal narrative
styles generated by our system are interpretable and res-
onate with domain communicators. They offer structure and
entry points that align with familiar storytelling patterns
and participants were able to distinguish among narrative
types in terms of their communicative potential. While
exploratory, this feedback provides promising evidence that
the system supports meaningful engagement with complex
multivariate data and lays the foundation for more system-
atic comparative studies of narrative style in future work.

11
6 DISCUSSION AND LIMITATIONS

Our quantitative evaluation showed that causal se-
quences improve understanding compared to random and
correlation-based (possibly spurious) sequences, underscor-
ing the importance of directionality in distinguishing cause
from effect. In the scatterplot condition, the exhaustive
sequence yielded higher average precision but lower recall
than the detective sequence. In contrast, for the PCP con-
dition, the detective sequence outperformed the exhaustive
one across all metrics—most notably in recall, likely due to
PCPs’ ability to show entire causal chains in a single view.
This suggests that PCPs may be inherently better suited
than scatterplots for visualizing causal structures. Finally,
the use of edge bundling may have influenced participants’
perception; a cleaner rendering style [42], [43] could help
clarify data relationships in PCPs.

To better understand the depth of causal reasoning, we
also analyzed participants’ narratives at the level of causal
structure. By measuring how often participants referenced
nodes with multiple causal connections, we observed that
detective and exhaustive sequences supported more com-
prehensive causal understanding than random and spurious
ones. While these trends were consistent across datasets, the
small number of participants per dataset-strategy combina-
tion (approximately five) means that the results should be
viewed as exploratory.

Nonetheless, the convergence of results across both
clause-level and structure-level analyses increases our con-
fidence in the general patterns observed. In future work,
we plan to replicate and extend these findings with larger
and more diverse participant samples to further validate the
effectiveness of different sequencing strategies.

Note that our quantitative results relied on free-form text
answers and their causal words and structures. For instance,
“A causes B” could be naturally phrased as “B increases as
A increases” or “the more A is, the more B becomes.” Some
clauses were debatable, but the co-authors, as two indepen-
dent coders, tried our best to give each clause the benefit
of the doubt. Furthermore, although individual causal pair
recall may not fully represent an understanding of the entire
network, theories in Mental Models [44] and Constructivist
Learning [45] suggest that knowing individual relationships
aids in building a comprehensive mental model of a system.
We plan to implement more direct methods like interviews
and scenario analyses in future research to more effectively
gauge overall network comprehension.

The qualitative validation confirmed the usefulness
of causal sequences—a feature unavailable in current
tools—according to the group of selected professionals. As
suggested by the participants, this system could be a tool
in a journalistic writing process. Journalists would be in the
loop as some computer-generated recommendations might
seem unconventional. For example, in Figure 10, the system
suggests higher wind speed and early hours to reduce PM10
concentration. Journalists can interpret the suggestions as
possible real-life solutions including removing wind barri-
ers or reducing highway fees in the early morning.

In our study we also experimented with the structure
of exhaustive sequences, particularly whether to include
full flashbacks to the root node in every path. For shorter
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chains, we opted to skip the root-to-intermediate node recap
to reduce cognitive load and avoid redundancy, assuming
viewers could retain key steps in working memory. How-
ever, in longer or more branching sequences—such as in
the Sales dataset—we included full flashbacks to preserve
clarity (see Figure 2 middle row for the two options; the sup-
plement provides a visualization of these individual chains
for all four datasets). Interestingly, the more verbose Sales
sequence received slightly lower comprehension scores,
suggesting that shorter, more memory-efficient sequences
may be equally or more effective. This tradeoff warrants
further investigation in future work.

Our current implementation has a few technical limita-
tions. First, scalability has not yet been tested beyond small
datasets—those used in our examples have fewer than a
dozen dimensions and a few hundred data points. In prac-
tice, standard feature selection or dimensionality reduction
techniques can be applied to keep larger datasets manage-
able without significantly reducing interpretive value. Sec-
ond, the system is not yet integrated with a live causal infer-
ence engine; all causal relationships are precomputed. While
on-the-fly computation is technically feasible, it would in-
troduce execution delays that may affect interactivity.

7 CONCLUSION

We presented a framework that generates coherent visual-
ization sequences by traversing a causal graph derived from
a dataset with minimal metadata. Our evaluation shows that
these sequences outperform correlation-based and random
alternatives in supporting causal understanding.

In future work we would like to extend the approach to
additional traversal strategies, visualization types, and data
modalities such as time-varying and categorical variables,
as suggested by participants. We also plan to incorporate
natural language descriptions, generated by large language
models, to complement the visuals and enhance comprehen-
sion of causal relationships.

Finally, while our studies confirm the effectiveness of
causal narrative sequences, they did not explore why certain
styles resonate more or how preferences vary by user exper-
tise or context. Future work will investigate these factors to
better tailor narrative designs to different audiences.
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