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Abstract

Data-driven storytelling has gained prominence in journalism and other data reporting fields. However, the process of creat-
ing these stories remains challenging, often requiring the integration of effective visualizations with compelling narratives to
form a cohesive, interactive presentation. To help streamline this process, we present an integrated authoring framework and
system, DATAWEAVER, that supports both visualization-to-text and text-to-visualization composition. DATAWEAVER enables
users to create data narratives anchored to data facts derived from “call-out” interactions, i.e., user-initiated highlights of
visualization elements that prompt relevant narrative content. In addition to this “vis-to-text” composition, DATAWEAVER also
supports a “text-initiated” approach, generating relevant interactive visualizations from existing narratives. Key findings from
an evaluation with 13 participants highlighted the utility and usability of DATAWEAVER and the effectiveness of its integrated
authoring framework. The evaluation also revealed opportunities to enhance the framework by refining filtering mechanisms
and visualization recommendations and better support authoring creativity by introducing advanced customization options.

CCS Concepts

* Human-centered computing — Visualization systems and tools; Interactive systems and tools;

1. Introduction

Data-driven storytelling, a blend of visualization, interactivity, and
narrative techniques, serves as a powerful medium for effectively
communicating complex data insights, engaging the public, and
delivering clear and actionable information [RHDC18, LRIC1S5,
FS23]. By transforming data into compelling and often interactive
narrative visualizations [SH10, HD11], data journalists make com-
plex insights both understandable and impactful.

Despite its potential, authoring data-driven stories poses an in-
terdisciplinary challenge, requiring a combination of skills in data
analysis, visualization, and narrative writing [RHDC18, LRIC15].
Prior work has introduced tools to streamline the process, sup-
porting chart creation and annotation, identifying data facts, and
storytelling. Yet, the diversity in authors’ skillsets and workflows,
coupled with the complexity of the process [LRIC15], poses chal-
lenges to achieving an efficient and integrated authoring experi-
ence. First, composing data-driven narratives is often a tedious and
error-prone process, requiring manual transcription of data into tex-
tual facts and, in turn, transforming these facts into coherent narra-
tives [CX22, FGB*24]. Second, current authoring tools typically
follow a unidirectional ‘data-first’ workflow, offering limited entry
points for traditional authors who often begin with a narrative per-
spective and then seek data to refine and expand their story [FS23].
Third, the storytelling process involves context-switching between
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data analysis, visualization creation, and narrative writing, making
it challenging to achieve a cohesive and integrated experience.

Drawing from a formative study with domain experts and ex-
isting work, our work proposes a framework (Figure 1) for an in-
tegrated visualization-text composition for data-driven storytelling,
implemented in a system, DATAWEAVER. The system supports vis-
to-text composition by incorporating deictic referencing through
chart interactions, enabling users to create charts, highlight visual
elements, and anchor Large Language Model (LLM)-based narra-
tives to selected data facts, ensuring the narratives are aligned with
the authors’ intent. Complementing this approach, DATAWEAVER
also enables text-to-vis composition by recommending and generat-
ing interactive visualizations based on selected text, helping authors
jumpstart relevant data exploration. This dual approach addresses
distinct but complementary needs; vis-fo-text helps ground narra-
tives in accurate, data-driven insights, reducing manual transcrip-
tion and error, while fext-ro-vis supports narrative-first workflows,
particularly valuable for authors with limited data expertise by pro-
viding tailored visualization recommendations driven by text. We
evaluated DATAWEAVER s utility and usability with 13 participants
and conducted a week-long diary study with 5 of them. Participants
provided valuable feedback for refining the system, particularly re-
garding the data facts filtering mechanism, chart recommendations,
and customization options.
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2. Related Work

Our work draws on research in data-driven storytelling, chart and
dashboard authoring, and natural language interfaces, contributing
to the broader goal of effectively communicating data insights.

2.1. Data-driven Storytelling and Narrative Visualization

Data-driven storytelling has gained prominence as a visualiza-
tion and HCI research focus, with prior work addressing key
aspects such as insight discovery [FS22, WSZ*20, SXS*21],
streamlining the authoring process [SH14, CX22, SBL21, SS23b,
CVTH21, LZK*22], diversifying presentation mediums [LKS13,
ARL*16, BRCP17, CECX23, SZZW24, SKH*23], exploring the
design space [YXL*22,LWS*22, LSW*21], and developing tax-
onomies and frameworks [LWQ24,CLA*20,ZE23,CTL*18]. With
the recent rise in LLMs, a key focus has been on integrating Al
technologies into storytelling tools, harnessing the complementary
strengths of both humans and Al [LWQ24]. Our work aligns with
this direction, placing particular emphasis on facilitating a more
efficient, fluid, and accurate authoring experience.

Several tools focus on bridging the gap between complex
data analysis and accessible storytelling. For example, Ellip-
sis [CRS*14] facilitates narrative visualization through user-
specified transitions and annotations, while Idyll Studio [CVTH21]
provides a structured environment for authoring interactive articles
that integrate text and visualizations. These tools, however, largely
focus on pre-defined workflows, limiting flexibility for iterative or
exploratory storytelling. Kori [LZK*22] offers an interactive plat-
form for synthesizing text and charts, enabling users to create co-
herent narratives by effectively combining these elements. Cross-
Data [CX22] enhances this capability by leveraging connections
between text and data, streamlining the authoring process of data
documents. Similarly, VizFlow [SBL21] supports dynamical lay-
outs by leveraging text-chart links. However, bidirectional author-
ing support in these tools is limited to basic linkages between ex-
isting text and charts, lacking mechanisms to dynamically generate
context-specific insights by leveraging their inherent connections.

The introduction of block-based approaches, such as DataParti-
cles [CECX23], adds another dimension to storytelling by en-
abling dynamic and animated data representation. The exploration
of LLMs in tools, such as DataTales [SS23b] further pushes the
boundaries of narrative generation, though it presents challenges
with scalability and accuracy with respect to the generated sum-
maries. Charagraph [MMCV23] facilitates real-time annotation
and narrative generation by allowing users to create interactive
charts within data-rich paragraphs, enhancing the narrative pro-
cess. Meanwhile, ChartAccent [RBL*17] provides tools for an-
notating data visualizations, enabling users to highlight key in-
sights and make data stories more comprehensible. Automation
also plays a crucial role in advancing data-driven storytelling. Cal-
liope [SXS*21] automates the generation of visual data stories from
spreadsheets, translating raw data into narrative presentations. No-
table [LYZ"23] streamlines the storytelling process within compu-
tational notebooks, allowing for the seamless integration of narra-
tives with analytical workflows. Lastly, Erato [SCC*23] introduces
a collaborative aspect by enabling cooperative editing of data sto-

ries through fact interpolation, facilitating a shared narrative con-
struction process among multiple users. Although these tools ad-
vance the capabilities of data-driven storytelling, they often focus
on the linear conversion of data into stories. Our work further en-
hances the storytelling process by employing a novel framework
that integrates both vis-to-text and text-to-vis workflows.

2.2. Chart and Dashboard Authoring

In data visualization and dashboard authoring, several tools aim
to enhance the expressiveness of visual presentations. Med-
ley [PSS23] provides intent-based recommendations to support the
composition of dashboards. Data Illustrator [LTW™*18] and Data
Animator [TLS21] augment traditional tools by integrating data
binding functionalities, enabling users to directly link datasets to
graphical elements for dynamic visualization design. Beyond tra-
ditional visualization tools, innovations in data content authoring
further expand the scope of data storytelling. Epigraphics [ZHC24]
introduces a message-driven approach to infographics authoring,
focusing on the narrative elements that drive the creation of in-
fographics and conveying data insights in a more expressive way.
Datalnk [XHRC™ 18] provides a creative platform for direct data-
oriented drawing, allowing users to create visualizations through
an intuitive drawing interface. By focusing on creativity and direct
manipulation of data, Datalnk enables users to explore and present
data in innovative and personalized ways. These authoring tools of-
ten focus on either visualization or narrative as the starting point;
however, DATAWEAVER enables dynamic transitions between vi-
sualization creation and narrative development, anchoring narra-
tives to data facts and visualization recommendations.

2.3. Natural Language Interfaces

The development of natural language interfaces (NLIs) [SBT*16,
DMN*17, GDA*15, SS18] has enabled users to engage with data
through conversational interactions, simplifying complex visual
analysis by enabling natural language queries to explore and in-
terpret data. NL4DV [NSS21] maps natural language queries to
JSON-based analytic specifications with data attributes, tasks, and
Vega-Lite visualizations. Voder [SDES19] enhances data interpre-
tation by making textual data facts interactive for exploring al-
ternative visualizations. FlowSense [YS20] integrates natural lan-
guage processing with visual data exploration, allowing users to
construct and modify visualizations via conversational input within
a dataflow system. BOLT [SS23a] enhances dashboard authoring
by allowing users to create and modify dashboards using conversa-
tional interactions, minimizing the need for manual configurations.
While existing tools for data-driven storytelling, chart authoring,
and natural language interfaces offer various capabilities, they often
lack a fully integrated approach that supports fluid transitions be-
tween data and narrative. Many focus on either visualization or nar-
rative as the primary entry point, limiting the flexibility of authors
in switching between different modes of creation. DATAWEAVER
addresses these gaps by providing a bidirectional storytelling envi-
ronment that supports both data-first and text-first authoring modes.
The system provides a novel, flow-based, zoomable interface that
enables navigation between visualizations and narratives, support-
ing the integration of data and text during the storytelling process.
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3. Understanding the Challenges in Data-driven Storytelling

Prior research highlights the complexity of data storytelling, which
often involves iterative data exploration, the composition of text
and visuals, story arrangement, and final presentation [LRIC15].
Our work aims to help streamline this process by integrating vi-
sualization and text authoring into a cohesive workflow. To un-
cover key obstacles in achieving this integrated experience, we con-
ducted a formative study involving a data story authoring exercise
and post-study interviews with five professional visualization prac-
titioners (P{—P%) recruited via our organization’s mailing list. All
participants self-identified as experts with extensive experience in
creating visualizations and data-driven stories. In the authoring ex-
ercise, we asked participants to explore data and uncover insights
using multiple interactive visualizations, preferably their own cre-
ations; for those who did not have their own creations, we pro-
vided a curated list of visualizations sourced from Tableau Pub-
lic [tab] and The New York Times [NYT] (included in supplemen-
tary material). They presented their findings by capturing screen-
shots, drafting textual narratives, and adding annotations to create
a cohesive presentation. Throughout the process, we encouraged
participants to think aloud and share their reasoning. Each session
lasted 30—-40 minutes, followed by a 10-15 minute semi-structured
interview. The study allowed us to observe authoring processes,
generate artifacts for analysis, and gather feedback on interaction
methods, challenges, and perspectives on Al integration. Sessions
were recorded and transcribed, and the generated stories were col-
lected using Google Slides. From our observations, transcripts, and
collected stories, we identified the following key findings:

F1. Pre-computed data facts can be helpful. Three participants
expressed a desire for pre-calculated data facts describing statis-
tics computed from relevant data points as they interacted with vi-
sualizations. P'4 noted, “Having some words already available to
be plugged in without writing the calculation, like the percentage
change, would be fantastic.” P'3 concurred, expressing a desire for
the calculation of the “absolute value” of an increasing trend.

F2. Challenges in manual data transcription from visualizations.
Four participants highlighted the challenges of manually transcrib-
ing numerical data from visualizations into text. P'4 described this
as “[The hardest part] was getting some of the numbers from the
visual into the text...so I had to go back and forth.” This issue is
exacerbated when values are not directly visible, requiring interac-
tions like hovering to reveal them. For instance, in a chart showing
score differences, P'1 needed the exact value (e.g., 25-point lead)
to write an accurate narrative.

F3. Concerns regarding direct input of raw data to Al. While
three participants showed a strong willingness to use Al, particu-
larly LLM:s for data narrative composition, four participants voiced
significant concerns about feeding raw datasets directly to AL. They
cited concerns over accuracy of generated narratives and data se-
curity, emphasizing their reluctance to expose sensitive data to Al

F4. Narrative-guided exploration as an authoring strategy. We
observed that authors working with familiar datasets or topics often
adopt a narrative-driven approach—rather than engaging in open-
ended data analysis, they begin with a specific storyline in mind,
actively seeking data points or visual facts to substantiate or re-
fine their narrative. For instance, PI' , while exploring sports data,
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already had a clear narrative direction based on their personal ex-
perience of watching a specific game; they intentionally identified
data facts to enrich and help validate their pre-existing narrative.

Design Goals: Drawing from these key findings and prior re-
search [LRIC15,CX22,FS23], we distill five design goals for de-
vising an integrated authoring framework to help streamline both
visualization and text composition in data-driven narratives:

DG1. Provide accurate data insights/facts that align with user intentions.
DG2. Streamline data transcription and narrative composition.

DG3. Prevent the direct input of raw datasets into LLMs.

DG4. Enable narrative-driven visual data exploration.

DGS. Foster a seamless and cohesive authoring experience.

4. DATAWEAVER System
4.1. An Integrated Framework for Visual-Text Composition

To achieve our design goals, we propose an integrated framework
(Figure 1) for data story authoring, which combines two composi-
tional approaches: vis-fo-text and text-to-vis.

Vis-to-Text Composition addresses design goals DG1 and DG2
by facilitating narrative generation anchored to authors’ intended
insights and accurate data facts. Specifically, we propose the fol-
lowing approach. First, we allow users to specify visual elements of
interest through chart interactions. These interactions enable de-
ictic referencing by highlighting elements to indicate that the el-
ements form the focus of the discussion. Second, we rely on al-
gorithms to compute descriptive statistics and data facts for the
highlighted data points through an intermediate data fact layer, en-
suring accurate and efficient computation by delegating tasks to al-
gorithms instead of LLMs. The feature also enables users to select
relevant data facts to enhance narrative relevance and anchors gen-
erated narratives to a defined set of data facts to improve accuracy.
Finally, we leverage LLMs to generate narratives anchored to the
selected data facts. By weaving pre-computed data facts into nar-
rative text, we address challenges such as restricted context length,
limited numerical precision, and difficulties with complex data op-
erations, avoiding the need to feed raw data directly into LLMs,
fulfilling DG3, and offering an additional layer of privacy control.

Text-to-Vis Composition addresses DG4 by introducing text as
an alternative starting point for data story creation. A common chal-
lenge in storytelling is the need to create visualizations to support
further analysis or to expand existing narratives. By simplifying
this process, we aim to streamline authoring and reduce the burden
on users with limited data expertise. To achieve this, the generation
of relevant visualizations from text requires a degree of inter-modal
semantic mapping. However, the free-text nature of DATAWEAVER
was not amenable to a strictly structured parsing approach. Given
these design considerations, we leverage LLMs as a pragmatic so-
Iution, offering a reasonable balance between semantic interpreta-
tion and free-text comprehension. While not without limitations,
we found that LLMs provide an effective means of suggesting rel-
evant analyses and generating chart specifications under the con-
straints of unstructured textual input. This approach also comple-
ments vis-fo-text composition, as the resulting interactive visualiza-
tions can serve as new starting points for further data exploration
and narrative development. Together, these bidirectional workflows
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Figure 1: The integrated framework underlyir@gaATAWEAVER. The interface is detailed in Figure 2. Therple-colored ow shows the
Vis-to-Text composition (Figure 3). Theal-colored owdemonstrates Text-to-Vis composition (Figure 4)

create a "boomerang-like' loop, enabling a seamless and iterativerespondingallout data factsone created the initial coding, while
authoring experience that addresBe«35. the other independently generated a separate set. The lists were iter-
atively re ned into a nal taxonomy, extendable to additional chart

4.2. Callout Taxonomy types, interactions, or even compounded and chained interactions.

Given the extensive range of statistics and data facts that can be
derived from a dataset [SX81], a key challenge for our proposed
framework lies in Smklng a ba!ance_ betwee.n pr(_)v_ldl'n'g USGI’S. with Area Selection Summary statistics, Frequency, Group vs. Global (stats),
granular control to de néwhat is salient, while minimizing their (2-D Brush) Rank , Values

cognitive effort in identifying and selecting relevant data facts. SO e o b, Fromaney |+ Summary statities. Group

L . . . . . Summary statistics, Frequency, Rank , Group vs.
AChleVlng this balance requires an effective mechanism for Group Selection Global (one group selected), Group vs. Group (multiple

computing and organizing data facts—one that clari es user in- (Legend Clcky groups), Outliers, Values
. L. i Add Trendline Correlation between variables, Trendline
tent and generates a focused list of insights based on interac-

Chart Interaction Callout Data Facts

Discrete Selection Values, Rank/Extreme, Difference, Summary

tions. User intent behind interactions has been studied across var-p oo (Click) statistics o

ious contexts [YKSJO7, SH24], such as analysts' selection be- Category Selection gﬁ‘gfga&{ﬁeﬁﬁfgcémir;‘j:?gf{)hpRg};‘f';réng"“o‘tm;gs

haviors in scatterplots [GGQ1] and annotations in grouped bar (Legend Click) Values - '

charts [RQSR24]. We extend this understanding by examining in- afff;gfu'gg;'m g‘,*(,";gﬁgyn;;‘gjggsnggg“emy Rank , Group vs.

tent behind‘calling out” visual elements, i'el'l'\Nhen users high_ Timeframe Selection Trend , Start/end time, Extreme points, Range,

light data points in a chart, what insights or facts are they likely ;¢ cpax Bush) Difference !

to incorporate into their narrative or discussion?Ve developed ﬁggffféﬂgﬁ) Trend, Compare selected linesCompare selected (0 off-

a pre|iminaryCa||out Taxonomy (Tab|e ]_) as a theoretical guid_ Temporal Point Value/Rank for individuals, Compare selected date, Ana-
Selection (Click) lyze position relative to trend

ance for more relevant data facts generation and their effective or-
Comparison/relation/joint contribution, Joint relationship to

ganization. Drawing from prior literature on visualization interac-  s¢acked tsisr??f;eg%%féeéHck?e'ecathe,S, Comparison to each other, Compare individuals to

tion [AES05, YKSJO07], data facts and insights [W&D, SXS 21], Bar Chart  group
i i i i Segments Selection Proportions, Compare individual proportions

and analytical intent [GGQ1, SH24], we posit that the intended oportions, Comp prop!
data factsare associated with thehart typeandinteraction type Donut/Pie ~ Discrete Selection  Proportional values, Compare selected proportions, Com-
that users engage with. In this context, we de@allout Interac- Chart  (Click) pare sum proportion to total
tions as user actions that high"ght speci c data points in a visu- Discrete Selection Proportional values, Compare relative proportions, Com-

. . . . . . . Sunburst  (Click) pare/aggregate hierarchical proportions
alization, Callout Intentas the motivation behind such highlights, Chained Selection oo oo ortion
and Callout Data Factsas the insights derived from these inter- (Bouble-click)
actions. We selected a set of exemplary chart types, both standardraple 1: Callout Taxonomy categorizes chart types, their corre-
and advanced, and curated a listaafllout interactionsfor each, sponding callout interaction types, and the associated callout data

drawing from popular visualization tools/libraries, and prior re- 5¢cts. A denotes a calculation implementedDATAWEAVER.
search [HAWO08]. Two authors collaboratively developed the cor-
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Figure 2: An overview ofDATAWEAVER's interface. TheAuthoring Canvasly is a ow-based, zoomable interface where users can add
vis-nodes [¥) using a visualization engine and text-nodfi){ as well as edges to connect them. Tingight Cart [=] is used for insight
management while thHeeview Pagd® allows users to reorder the story and convert the story pieces into different presentation formats.

4.3. User Interface have edges directed text-node-3the data facts provided by these

. ) ) . o ) two visualization nodes will collectively contribute to the text-
Building on this taxonomy, we integrated its principles into ,4e Users can reuse the data facts from the same nodes to drive
DATAWEAVER to inform the design and functionality of the sys- jferent text-nodes. This mechanism aims to assist users in man-
tem's interface (Figure 2) and core features. The frontend is built aging story content and ow, especially when composing a data
with React and uses D3.js for rendering interactive visualizations. giory that involves multiple sets of data facts and visualizations.
DATAWEAVER's backend, built with Python Flask, handles server- - patasets bound to vis-nodes will also automatically serve as source
side logic and APIrequests, utilizing GPT-40 asits LLM along with 4514 for visualization recommendations. Similarly, users can serve

other libraries for text generation, semantic parsing, and various iha datasets as data tables without specifying the chart.
computational tasks. The interface comprises three major compo-

nents: a ow-baseduthoring CanvagFigure 2-A) for composing Insight Cart (Figure 2-B): The insight cart, like a “shopping
visualizations and text, almsight Cart(Figure 2-B) for managing cart,” acts as a temporary repository to store facts for “checkout,”
insights, and &eview PagéFigure 2-C) for re ning the story and i.e., integration into a data story. Each node has its own insight cart.

previewing the nal visual data narrative in multiple formats. ) . . . .
Vis-nodes' Insight Carts Insight carts associated with vis-

Authoring Canvas (Figure 2-A): The authoring canvas allows  nodes contain insights (e.g., descriptive statistics or data facts) de-

users to add two types of nodes: visualization nosissrfode$and rived from users' callout interactions. These insights are displayed
text editor nodestéxt-nodes Edges connect these nodes, de ning as clickable tables and grouped checkboxes, allowing users to make
their relationships and ows. selections. The selected data facts automatically ow into the in-

) ) S o sight carts of downstreatext-nodes
Nodes:Users can add various types of interactive visualizations Text-nodes' Insight Carts:Insight carts associated with text-

asvis-nodesDATAWEAVER fundamentally supports interactive vi- - noqes consist of two segments: a data-facts segment, which dis-
sualization creation by leveraging a visualization engine powered plays grouped data facts from upstregisrnodesand a visual in-

by D3.js. Users can upload and manipulate datasets (e.g., Itering), sights segment, which suggests recommended visualizations.
select the chart type, and specify the attributes that determine the

chart's visual encodings. The chart types supported are congruent Review Page (Figure 2-C)During or after composing the data
with Table 1. The embedded visualizations are interactive, featur- story, authors can utilize threview pageo adjust the order of the
ing tooltips and corresponding callout interactiofext-nodegro- content and preview the nal output in various forms. Tddjust-
vide a straightforward, rich text editor for narrative composition, ing modeautomatically processes text from different nodes into a
along with widgets for additional text manipulation. Users can also nested structure, enabling ef cient restructuring of both the narra-
move, zoom, resize, duplicate, and remove nodes from the canvas.tive and the linked visualizations. Theeviewing modellows for

Edges:Edges help specify the ow of data facts generated by a preview of the nal product in common narrative visualization
chart interactions. For example \fs-node-landvis-node-2both formats:continuous pagescrollytelling andstepper
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Figure 3: Demonstration of Vis-to-Text composition work ow. After users apply callout interaction to visualizationSIBWEAVER
computes the data facts and presents (S2) them in the insight cart. Users then select desired data facts (S3). An LLM then generates da
narratives (S4) based on the selected data facts and metadata. Users can revise the generated narratives using the buttons (S5).

4.3.1. Vis-to-TextComposition Work ow lected by the user. Within each li®ata Factsare sorted based on

d their “signi cance' or “interestingness,’ a method frequently used
by recent studies [SDES19, SX&L]. DATAWEAVER utilizes be-
spoke sorting algorithms tailored to speci ¢ fact types, aiming to
promote the most “signi cant' data facts within each category. For
S1. User interacts with charts to highlight visual elementsin example, when brushing over the lower quadrant of a scatterplot
each visualization node, users initiai@lout interactiongo select Visua“zing life expectancy against GDP per CapitaIMEAVER
visual elements, prompting the system to retrieve and dispatch asyrfaces data facts, such‘88.18% of them are African countries”
package with the data Subset, metadata, and interaction details. Th|%ut “none of them are European countriesty the Frequency
metadata is divided into three categorigsta metadatacontaining Continentcategory. DRTAWEAVER then sorts thesfeequencydata
attribute names and value typestiart metadatawhich captures  facts by calculating weighted scores, taking into account normal-
visual encodings like color, size, and tooltip content (e.g., mapped ized differences, ratios, and entropy, while prioritizing signi cant
variables or identity variables like a country's name); amerac- deviations and prominence within the subset. The detailed sorting

tion metadatawhich varies depending on the chart and interaction mechanism and exp|anati0ns are in the Supp|ementary materials.

type. For instance, brushing a scatterplot captures a 2D spatial se- . ) .
lection with coordinate rangds;y;] o [x2;y,] and value ranges S3. User selects data factdJsers click on the statistical table cells

[xValue,; yValue,] to [xValuey; yValue,]. or checkboxes to select individual or grouped data facts they want
’ ' to include from each visualization node. The selected data facts are

S2. Algorithms compute and organize data factsUpon receiv-  then streamed to the subsequent text-nodes, where they appear in
ing the “callout package,” rAWEAVER's backend, following Ta-  the corresponding insight cart in a nested format.

ble 1, rst computes the relevant statistics following the taxon-

omy and converts the computed values into a statistical table O e tri .
template-based data facts, such“85.24% of the selected data  triggered by the user pressing fh&b key. The s_elected data

np ) * i . : facts are then fed to the LLM, along with the preceding context and
pomts have the attribute continent = Africadr Gab_on is an out- metadata, organized into a prompt template. The prompt template
lier in lifeExp” These data facts are presented in ¥ienodes' encapsulates both a generic template and chart-speci ¢ templates.
insight cart To manage this potentially extensive list of data facts The generic template offers a structured approach to understanding
and reduce users' cognitive loadADAWEAVER categorizes them the visualization and its context. The speci cation includes steps
based on derived callout intents and applies sorting mechanisms tosuch as recognizing the visualization type, examining the article
the list. The data facts are organized hierarchically in a nested struc-context, and synthesizing data facts into a coherent narrative. The
ture: Fact Types Attributes. Data Facts TheFact Typelayer or- type-speci c terr_]plat_es prov_lde tallorc_ed guidance and context. For
dering is guided by both our taxonomy and the goal of maintaining example, brushing interactions provide the range of the bru§hed
Ul consistency. For example, the statistical table is always placed atareaversus the full axes range. A pseudo prompt is as follows:

The vis-to-textcomposition starts with a created visualization an
follows aninteract-compute-select-generate-rewserk ow with
users, algorithms, and LLM collaboratively handle respective steps:

S4. LLM generates data narratives:The narrative generation can

the top to ensure uniformity across the interface, andrtbguency Understand the visualizationhart type chart metadata
category is positioned above tiRankcategory when brushing a Consider the contextpreceding text content”
scatterplot. TheAttribute layer does not adhere to a speci ¢ or- Consider the callout interactiomteraction metadata

Focus on these data fact&dgta fact 1”...].

dering scheme. However, to reduce the computational load from o . ! )
Synthesize information and write a narrative based on the data facts.

handling numerous attributes and ease users' cognitive load when
reviewing data facts, BTAWEAVER processes only thattributes Users can decide to accept or reject the generated narrative.
of interesti.e., variables that are visually mapped and explicitly se- Prompt templates are available in the supplementary materials.
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Figure 4: Demonstration of Text-to-Vis composition work ow. Users rst type or select text to focus (S1pamIVEAVER retrieves and
processes the datasets from upstream nodes (S2). An LLM then interprets the text and metadata and recommends relevant charts (S3). Bas
on the charts' types, LLM then generates JSON speci cations that contain both data operation and visualization schemas used to create
interactive charts (S4). Users nally review the generated charts and add desired ones as new vis-nodes (S5).

S5. User and LLM revise the generated data narrative After the LLM to suggest analyses, such as the percentage of genders

accepting the initial narrative, users can either manually revise it or
use the LLM for further re nement. They can select any part of the
generated text and prompt the LLM to revise inTAWEAVER of-

fers three shortcut buttonshorten expand regeneratg and a text
instruction window for direct prompting. The pre-de ned or user-
speci ed instructions will be integrated into a new prompt along-

over the years, and a line chart to support the analysis.

S4. LLM generates JSON speci cations for data operation
and visualization generation. Based on different chart types,
DATAWEAVER prompts the LLM to generate a JSON speci ca-
tion for the data operations (e.g., ltering, aggregation) and visu-

side the generated content and the original prompt to ensure thatalization creation. Under the hood ADAWEAVER uses a JSON

the new content accurately aligns with the data facts.

4.3.2. Text-to-VisComposition Work ow

DATAWEAVER utilizes LLMs to understand and infer contextu-
ally relevant information, enabling authors to expand their nar-
ratives using relevant information from the data. Additionally,
DATAWEAVER leverages LLMs' semantic parsing capabilities to
provide a well-structured JSON speci cation that can be used for
data operations and visualization generation [F&§.

S1. User selects or types text to focusn a text node, users rst
select any portion of the existing text of interest, or they can type
new sentences. For example, an author might focus on a specic
region of Africa and typéCountries in North Africa...’ They then
select this segment and click tRecommend Visualizatidoutton.

S2. Algorithm processes the dataset©ATAWEAVER simultane-
ously retrieves all the underlying datasets from upstream nodes a
reference data and dispatches them for further processing, e.g., ex
tracting attributes, aiming to provide an overview of the available
datasets without uploading the entire dataset.

S3. LLM interprets the narrative and recommends relevant
charts for analysis. The selected text from S1 and attribute names
from S2 are fed into the LLM. The prompt guides the LLM to rst
interpret the available datasets using processed information from

S

schema tailored for D3 to render different visualizations. For ex-
ample, a scatterplot requires numericdittr and yAttr as
mandatory inputs, while other attributes (egplorAttr ) are
optional. The LLM leverages these schemas to generate corre-
sponding JSON speci cations, allowingADAWEAVER to create
visualizations with integrated callout interactions, which are then
displayed in the visual insight section of the text-node's insight cart.

S5. User selects generated visualizationEventually, users re-
view the recommended charts and, by clicking an “add' button, se-
lect those they wish to incorporate into the canvas as new visual-
ization nodes. These new nodes are now available for interaction,
data-fact generation, and narrative inclusion in the same manner as
the existing visualization nodes. The new visualization nodes have
completed the bidirectional loop, allowing users to generate new
data facts and narratives that are relevant to the focused text.

To summarize, BTAWEAVER allows users to initiate the author-
ing process using eithéfis-to-Texior Text-to-Visvork ows. In the
former (Figure 3), users begin by creating interactive visualizations
using DATAWEAVER's foundational chart authoring feature, then
compose data narratives by interacting with the charts and the auto-
matically generated data facts (Figure 2-B). In the latter (Figure 4),
users select the textual narratives they want to focus on, prompt-
ing DATAWEAVER to recommend and generate relevant interactive

charts, thus completing the loop for data-driven narrative compo-

S2 and then to recommend analyses and visualizations for the sesition. The narrative can be further re ned manually or through

lected text. For example, providing the narratid/omen's par-
ticipation in the Olympics has increased over timalbngside a

the system's LLM-based revision feature. Finally, the visual-to-text
connections automatically established enable users to rapidly ad-

dataset of athlete counts by gender across Olympic history promptsjust the sequence of content and review it in dynamic presentation

submitted to EUROGRAPHICS 2025.



