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Compendia: Automated Visual Storytelling
Generation from Online Article Collection

Manusha Karunathilaka 2, Litian Lei

Abstract—In the digital age, readers value quantitative jour-
nalism that is clear, concise, analytical, and human-centred. To
understand complex topics, they often piece together scattered
facts from multiple articles. Visual storytelling can transform
fragmented information into clear, engaging narratives, yet its
use with unstructured online articles remains largely unexplored.
To fill this gap, we present Compendia, an automated system
that analyzes online articles in response to a user’s query and
generates a coherent data story tailored to the user’s informa-
tional needs. Compendia addresses key challenges of storytelling
from unstructured text through two modules covering: Online
Article Retrieval, which gathers relevant articles; Data Fact
Extraction, which identifies, validates, and refines quantitative
facts; Fact Organization, which clusters and merges related facts
into coherent thematic groups; and Visual Storytelling, which
transforms the organized facts into narratives with visualizations
in an interactive scrollytelling interface. We evaluated Compendia
through a quantitative analysis, confirming the accuracy in fact
extraction and organization, and through two user studies with 16
participants, demonstrating its usability, effectiveness, and ability
to produce engaging visual stories for open-ended queries.

Index Terms—Data Storytelling, Scrollytelling, Text/Document
Data

I. INTRODUCTION

In today’s information-rich era, people rely on diverse
online sources, such as news articles, blogs, reports, and
expert analyses, to stay updated on events and facts [1f], [2].
Audience studies indicate that readers particularly value quan-
titative journalism that is constructive, concise, analytical, and
human-centred [3]], and visualizations have been widely used
to convey such quantitative information clearly and engag-
ingly [4]. Following this trend and growing audience demand
from news consumers and analysts alike, major information
outlets, such as The New York Times, The Guardian, and
Pew Research Centelﬂ have made statistics and explanatory
visual journalism a core part of their reporting. Some of
them maintain dedicated data-driven sections, including The
Guardian’s Datablog’| and New York Times’ Upshof’}

However, when approaching complex phenomena with mul-
tiple facets, readers, such as news consumers and analysts,
often have to consult multiple sources to gain a more complete
picture [2]. For example, a reader who is trying to understand
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the climate impact of artificial intelligence (AI) might need to
integrate technology landscapes, energy estimates, and carbon
footprint assessments, which are scattered across news articles,
company white papers, and government reports. Similarly, an
analyst studying global poverty might draw on income distri-
butions and social welfare policies from multiple government
websites and think tank reports. In practice, readers must
iteratively refine web search queries, carefully scan extensive
contents to extract relevant quantitative information, and then
relate findings across sources to construct a coherent under-
standing [5]. This manual effort creates substantial cognitive
burden [3]], often obscuring overarching themes and making it
difficult to reconcile related facts into a clear mental model.

To ease the burden, existing aggregator systems, such as
Google News, Newsblaster [6]], and NewsBird [7]], consolidate
content from multiple articles into a single interface. Yet, they
tend to focus on analyzing surface-level information, such as
headlines and short summaries, leaving readers to perform
the cognitively demanding task of synthesizing quantitative
information scattered across sources. Similarly, Al-powered
search engines like Perplexit produce cited summaries of
web content, but they remain largely text-centric and lack
the quantitative synthesis and visual scaffolding that readers
strongly prefer when navigating complex, data-rich topics [3]].

Visual storytelling transforms complex topics into coher-
ent narratives that combine quantitative evidence with visual
presentations, enhancing the comprehension, engagement, and
recall of the underlying data and insights [8[]-[[10]. Automated
visual story generation saves significant manual efforts, but
prior work on automated visual storytelling required structured
data (e.g., tables) [L1]-[13]] or a single article as source [14],
[15] and lacked the ability to integrate information across
multiple articles [4]]. We address this gap by combining
automated text analysis with visual data story generation over
online article collections, aiming to help readers synthesize
quantitative facts and form a coherent mental model of a topic
in support of their analytical tasks.

Generating visual data stories from a collection of online
articles remains largely unexplored and intrinsically chal-
lenging. The challenges of generating a coherent data story
from online article collections originate from the fact that
these data sources are often vastly diverse and unstructured.
First, relevant data facts are often scattered across multiple
articles and sections, mixed with irrelevant content, and ex-
pressed in varied formats and units (e.g., 3.7K/3700/3,700).
Extracting data facts from these sources requires a systematic

4https://www.perplexity.ai/
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Figure 1. Compendiatransforms the quer§ls homeschooling preferred by people®ito a structured data story by extracting, clustering, and visualizing

key facts using unstructured data from a collection of online artidleematic Overview usesThematic Circles to visualize clustered facts across different

themes. (A) Filter widget provides control over the overview, (B) Detailed fact panel provides fact content and source details, (C) Articles panel presents all
retrieved articles relevant to the story, (D) Related Articles panel displays articles relevant to the topic, (E) Related facts panel provides the number of facts
belonging to the topic, (F) Shared articles panel lists sources covering multiple aspects of the topic, and (G) Summary panel displays article and fact statistics.

approach to identify key insights while effectively Itering outin an“overview rst, details on demand’manner [16]. Users
irrelevant or noisy information. Second, online articles oftetien drill down into the story through intuitive page scrolling,
differ signi cantly in their themes, angles, and writing stylesleveraging the scrollytelling technique [17], [18].

Such diversity enhances the richness of data stories but als®Ve evaluatedCompendiathrough (1) quantitative evalua-
complicates the task afrganizingfragmented facts into clear, tion, con rming its ability to accurately identify, extract, and
coherent narratives. Third, the large quantity and structu@ganize information from diverse article collections, and (2)
complexity of the extracted facts require a narrative strateiyo qualitative user studies with 16 participants: an initial
and a visuapresentatiordesign that can preserve the richnegserception study establishirompendi&s effectiveness and

of the information without overwhelming readers. usability, and an open-ended query exploration study demon-

To tackle these challenges, we presénmpendia an auto- Strating its ecological validity and utility in real-world use.
mated system that retrieves and analyzes collections of onlinefhe major contributions of this paper can be summarized
articles in response to a user query and generates a cohe@nfollows:
meaningful visual data story. We propose a framework that An end-to-end framework that automatically generates
includes two main modules: theata Fact Extraction and relevant, accurate, and well-organized data stories by ex-
Organization module and theVisual Storytelling module, tracting and structuring highly varied unstructured textual
leveraging Large Language Models (LLMs) to overcome the data from online articles.
complexities of unstructured online text and convert it into a An interactive visualization system Compendia

coherent data story. Theata Fact Extraction and Organiza- demonstrating the feasibility of generating and presenting
tion module consists off1) Online Article Retrievalgathers data stories from online articles based on user queries.
relevant articles in bulk using web scrapin@) Data Fact A comprehensive evaluation including a quantitative

Extraction lters out irrelevant text and extracts query-relevant  evaluation and two user studies, con rmi@pmpendi&
guantitative facts, capturing not only their values but also as- information accuracy and its effectiveness in producing
sociated units and contextual information to preserve meaning coherent, informative, and engaging data stories.
across diverse formats; an@) Fact Organization clusters

multifaceted data facts into thematic groups, distinguishes 1. RELATED WORK

core from supporting facts, and enhances clarity by mergingrne related work falls into two categories: data storytelling,

closely related facts, resolving ambiguities, and ensuring eaghyy information retrieval and extraction techniques.
group forms a coherent narrative unit. TWisual Storytelling

module weaves narrative units into a coherent story, presentfigData Storytelling
a Thematic Overview allowing users to form a high-level A visual data story is a series of story elements arranged in
mental model of the topic, followed by interacti@tory Views a meaningful sequence, forming a narrative visualization [10],
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[19]. Research in this area has examined diverse genre framtity Recognition (NER), Relation Extraction (RE), and
annotated charts and comics to timelines and animated navent Extraction (EE) [41]. However, the need for multiple
ratives, and has shown that storytelling enhances memadngependent models for different tasks made these approaches
engagement, comprehension, and communication [8]-[183source-intensive. Recent advancements in LLMs, such as
[20]. Furthermore, data stories have been shown to enham&®T-4 [42], have introduced generative IE methods that offer a
both the ef ciency and effectiveness of comprehension taskapre scalable alternative by generating structured knowledge
outperforming conventional visualizations [20]. Recent studiesrectly from text, reducing the need for task-speci ¢ mod-
further re ne storytelling by exploring narrative roles, Alels [43]. This shift allows more exible and ef cient extraction
support levels, and human-Al collaboration [21]-[24]. Yeffrom complex, evolving data.

creating those data stories poses signi cant challenges. In the context of LLMs, prompt engineering is fundamental

Early tools let users manually build these visual stories ufer guiding the behavior of LLMs to optimize their per-
ing templates, such as annotated charts [25], infographics [2@kmance [44]. Techniques such as Chain-of-thought (CoT)
timelines [27], and data comics [28]. Later, systems likgrompting [45], which provides a structured reasoning process
Idyll [29] and VisFlow [30] supported dynamic formats sucho direct model responses, and Few-shot prompting [46],
as scrollytelling and slideshows, but they often required desigyhich utilizes in-context learning by incorporating example
and coding skills. More recent semi-automated tools adigémonstrations, are commonly applied to improve the perfor-
smart features that help link text and visuals [31], infographidance.Compendialeverages LLMs to enhance information
recommendation [32], slide generation [33], and data storgtrieval and extraction. Carefully designed prompts ensure
editing [34], but they are primarily designed for expert usethat retrieved content is both relevant and structured to support
like data analysts and designers. automated data story generation.

Fully automated systems like DataShot [11] and Cal-
liope [12] can build stories from structured data (e.g., tables
and spreadsheets), but they often miss deeper meanings. Sim-
ilarly, recent research has extended this automation toward§ompendiais the rst work to achieveautomatedvisual
generating scrollytelling narratives from structured data [35jtorytelling generation from online articles, to the best of our
New approaches that use LLMs for narrative generation [13<Jrlmwledge. Yet, there has been much research on visual sto-
[36], [37] still rely mostly on structured data, leaving the riciytelling [10], [17], [18], [47], exploratory research [5], [48]-
information embedded in unstructured text (e.g., text article®P], and information visualization principles [16]. To guide
data underexp|ored_ Furthermore, most of these tools do |%|ﬂ' framework and visualization designS, we have established
explicitly support the direct communication of data storiethe following visualization design requirements by conducting
to audiences and often lack mechanisms to incorporate udgrextensive literature review:
intent, limiting their effectiveness in tailoring the narrative to (R1) Provide an overview of topic clusters:During the ex-
the user's needs [23]. ploratory research or query, users need a quick overview

Our work addresses these challenges by automatically gen- of the topics covered in the online articles to orient
erating data stories from unstructured text sources such as themselves and guide further inquiry [5], [48]. This

IIl. COMPENDIA FRAMEWORK OVERVIEW

online articles, tailored to users' informational needs. is well-aligned with the visualization mantfaverview
) ] ) rst, details-on-demand”[16]. Prior work shows that
B. Information Retrieval and Extraction thematic overviews reduce cognitive load and improve

Information Retrieval (IR) focuses on retrieving relevant  sensemaking [49], [50], especially when information is
information from large-scale text corpora in response to grouped by topic rather than listed atly [51], [52].
user queries. Traditional IR systems rely on statistical an@R2) Reveal the connections among topicfRevealing the
probabilistic models, such as Term Frequency-Inverse Doc- correlation between the topics covered help users gain a
ument Frequency (TF—IDF) [38] and the Okapi BM25 rank-  more structured understanding when exploring multiple
ing function [39]. These methods compute lexical similarity related documents [47]. Prior work has also shown that
between queries and documents, providing a foundation for linking articles by shared topics helps trace storylines
early search engines and document retrieval systems. However, across documents [53], [54].
these approaches struggle with semantic understanding, as tH&®8) Enable smooth navigation between topics and data
primarily depend on keyword matching rather than contextual facts: There are often multiple topics and data facts
comprehension. More recent neural retrieval methods, particu- covered in a large collection of online articles. Existing
larly those based on transformer architectures like BERT [40], research on visual storytelling [10], [17], [18] has empha-
have improved search effectiveness by leveraging contextual sized the importance of maintaining data fact continuity
embeddings. However, these methods still require extensive and smooth navigation to reduce cognitive load. Also,
domain-speci c training and ne-tuning, making them less  many online data storytelling examples [55], [56] have
adaptable to diverse and evolving information needs. often used a map metaphor to enable the transition and

Beyond retrieval, Information Extraction (IE) is essential  navigation among different topics.
in structuring retrieved content by identifying key entities, (R4) Support visualizations with narratives: Data visual-
relationships, and events. Traditional IE methods typically izations coupled with narrative text help readers interpret
rely on separate models for different tasks, such as Named quantitative facts more effectively than raw facts or
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isolated charts [10], [57]. Furthermore, weaving facts inteearch results are increasingly affected by spam and rank-
story-driven visuals enhances comprehension, retentiémg manipulation [62], we expand the original query with
and engagement [20]. LLM-generated variants to improve coverage and reduce un-
(R5) Enable direct access to facts and their sourcesto related content [62]. Based on these quer@@smpendiauses
promote transparency, users must be able to trace eachonline search engine to retrieve relevant articles, emulating
fact to its original source article. Prior work shows thalhow a user would search for information. The source article
source attribution improves credibility and trust [58]s tracked at every stage for transparen@p)(
[60], with interfaces like TileBars enabling direct access
to source passages [61]. We aim to ensure that evé??y
fact is displayed with its original details, citation, and Compendis focus is to nd and extract quantitative evi-
publication year. dence that supports the user's query. This stage aims to extract

To satisfy these design requirements, @@mpendidrame- relevant data facts from the retrieved article text, through
work consists of two core modules: thgata Fact Extrac- Multiple phases to progressively lter, identify, validate, and
tion and Organizationmodule and theVisual Storytelling '€ ne the data, ultimately generating a well-structured dataset,
module, as shown in Fig. 2. Unlike the prior systems sucMhich is easier to visualizeRd).
as DataShot [11], which operate on structured table datal) Paragraph Filtering: This phase lters the paragraphs
Compendiaworks directly on natural language text wheréelated to the user's query from scraped article text, where
quantitative numbers and related descriptions are often sdéragraphs preserve more context than individual sentences
tered across multiple documents. This introduces challengé¥! enable better relevance assessment and disambigua-
such as noisy paragraphs, vague expressions {thig.year” tion [63]. These texts often contain extraneous information
“currently” ), fragmented statements, and inconsistencies sHch as headers, footers, references, advertisements, and un-
units or time frames. To address these issues, the two modiRigted content. The system rst prompts an LLM to Iter
progressively extract, validate, and organize the data fadfde paragraphs using the article title to remove extraneous
nally presenting them as a data story. information, and then re- lters the paragraphs based on the

The rst module (Fig. 2 ) retrieves and processes unstrud€levance to the query to align with the user's search intent,
tured text from online articles through three stages. @hne ~ producing a set ofltered paragraphs as foundation for
Article Retrieval expands the user query with variations angubsequent phases.
automatically searches and scrapes relevant articlesDate ~ 2) Data Fact Identi cation: This phase focuses on extract-
Fact Extraction then lters paragraphs, identi es and extractdng relevant quantitative information, termeelct content,
quantitative facts with their values, units, and context. Finallffom the Itered paragraphswith the aid of an LLM. This
Fact Organization clusters semantically related facts androcess introduces several key challenges. First, distinguishing
merges coherent facts. These stages parallel the work él@ata facts from factual statements is challenging, as not all fac-
of DataShot [11], but extend it from structured tables ti/al sentences contain analytically useful quantitative informa-
unstructured articles: replacing direct table parsing with LLMion. For example, the sententi#oshua and Samuel are two
guided fact extraction, rede ning fact composition througfopular names for boys in 2004€epresents a categorization-
clustering and merging. type data fact [11], but lacks a numerical value for quantita-

The second module (Fig. 2) transforms structured facttive analysis or visualization. Therefore, we primarily focus
clusters into interactive narratives, weaving them into a coh@f identifying and isolating quanti able facts, such as nu-
ent story ow that combines visualization with scrollytellingmerical data, measurements, and statistics, while excluding
for effective presentation. This module consists of two view§ubjective opinions and interpretations. Second, multiple facts
beginning with theThematic Overview (in Fig.2 ), which may appear within a single paragraph, often interwoven with
provides a high-level summary of all extracted data facg®ntextual or explanatory content. Speci cally, we focus on
as clusters; and followed by th&tory View (in Fig.2 ), identifying sentence or phrase level data facts, where each fact
accessible by scrolling or selecting a cluster, which enablegntains at least one data value. For exanffifgre than 3.7
detailed exploration of data facts in that cluster. We discu8gllion children in U.S. in 2024 are homeschooleidiUstrates

Data Fact Extraction

the two modules in the following sections. a sentence-level data fact with a clearly stated numerical
value. Identifying such sentence or phrase level fact content is
IV. DATA FACT EXTRACTION AND ORGANIZATION also crucial for downstream analysis, particularly for grouping

Our data fact extraction and organization module (Fig.)2 similar facts, as outlined in Section IV-C2. To systematically

processes unstructured text from online articles and transforﬁgnt'fy data facts, we embed Datashots [11] quanti able fact

them into structured quantitative facts that form the foundatia}ﬁ%e dDe nltlgns an_d e.x_?a_w plers] into the prompt. ical data b
for coherent storytelling. In this section, we describe each ) Data Extraction: This phase extracts numerical data by

stage of the module and the implementation details. parsing eachiact contenttermeddata points using an LLM.
Several challenges arise during this process. First, numerical

A. Online Article Retrieval values appear in varied writing styles, such“as700,000”,

The online article retrieval stage collects the informatiof8.7 million” , or “3.7M” . Second, a single fact may contain
sources for data stories. It begins with a user-provided natunaliltiple numerical values, each requiring separate extraction
language query, which re ects their informational intent. Asind contextual alignment. For example, the sentéfoem
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Figure 2. The framework of our systef@pmpendialt consists of two main modules: A) the Data Fact Extraction and Organization module, which includes
Online Article Retrieval, Data Fact Extraction, and Fact Organization; and B) the Visual Storytelling module, which prepares the data for display and presents
it as an interactive scrollytelling story. Each stage involves steps performed in the given order, with iterative validation and re nement ph dsXEse

highlight the outputs at each stage.

1999 to 2020, the number of homeschooled students in the Fact Organization

U.S. increased from 850,000 students to 2.5 million students”

includes two distinct values associated with different times- The facts from diverse online articles are often fragmented
tamps, which must be captured individually while preservin@nd inconsistent in style, and vary in detail and focus. This
their temporal semantics. In response, we treat each numerfigge clusters facts into themeR1J and merges related
value individually as adata point, extracting them into a facts into coherent narrativeR4), reducing redundancy while
uni ed structured representation consisting of three key eld®reserving diversity, yielding a consistent and comprehensive
label, value, and unit. This returns a set of data points periew of the themes drawn from multiple sources.

fact content. For example, giverfact content “The number of 1) Thematic Clustering:This phase facilitates clustering
homeschoolers in the U.S. is 3.7 milligrthe system extracts the facts into themes, returnirgustered facts (R1). Those

the label “Homeschooled Children value “3.7” with the extracted facts originate from a wide range of online articles,
unit “million” Finally, contextual ambiguity in the text caneach written with different styles, emphases, and levels of
make accurate data extraction challenging. For exartifils, detail. As a result, the collected facts are inconsistent in
year” could be misinterpreted as the current year (2025) whgnanularity, with some capturing high-level summaries, while
the article was actually published in 2024. To resolve sudthers offering ne-grained statistics, yet often sharing com-
ambiguities, we incorporate article metadata alongside then themes. Identifying such thematic overlap across facts is
content in the prompt, which helps clarify ambiguous data.important to organize the fragmented facts.

4) Data Validation: This phase assesses the correctness,To organize the extracted facts into meaningful groups, we
consistency, and completeness of extradtadt content{Sec- perform thematic clustering. The aggregate length of the text
tion IV-B2) anddata points(Section IV-B3) using an LLM and facts often exceeds the context window limits of LLMs, and
suggests corrections for discrepancies and errors. The proaggamking the input to t these limits tends to degrade cluster-
begins by prompting an LLM to veriffact contentsagainst ing quality [64]. To better support large-scale clustering in an
the original text and identify discrepancies. Next, it validatasnsupervised setting, we adopt an embedding-based approach
the data points prompting an LLM to check their correctnesaising the Gaussian Mixture Model (GMM) [65]. Speci cally,
and completeness against the original text data and ensurewigerst obtain vector representations of tfact contentasing
unit consistency within data points of a fact. For example, & LLM-based embedding service, and then apply GMM to
a paragraph state$The number of homeschoolers in the U.Scluster these embeddings based on their semantic similarity,
is 3.7 million,” but the extracted data point's value is 3, th@roducing clustered facts. We then generate a corutissger
system detects the error and suggests correcting the valueofgic using an LLM for each cluster to help users quickly
3.7. Similarly, if units such a%hillion” and“million” appear interpret and compare them. However, generating topics inde-
inconsistently within a fact's data points, the system ags thgendently for clusters can result in ambiguity or overlap due to
inconsistency and recommends consistently normalizing thetineir conciseness. To improve clarity and differentiation across

5) Data Re nement: This phase corrects errors ifact topics, we rst prompt an LLM to generate a brief summary
contentsand data pointsby prompting an LLM based on for each cluster. We then provide these summaries, together
validation feedback. The system reviews the feedback W§th the initial topics, back to the LLM to re ne them into a
comparing each fact with the source text and then appligtal set of distinct, thematically coherent topics.
minimal edits to preserve original context. Common xes Furthermore, we calculate each fact's relevance score as
include adjusting numerical values, normalizing units, arttie cosine similarity between its embedding and the query
resolving misinterpretations. The validation and re nemermbedding. This relevance score helps to identify the most
phases are performed iteratively to ensure the nal structuregpresentative fact (highest relevance score) and the top three
fact data is correct, consistent, and complete. facts in a cluster. Moreover, we calculate each cluster's rele-
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vance score as the average of the fact relevance scores withikisualization Readinesskinally, we assess whether the
the cluster, which is then used for Itering (Section V-A2). merged fact sefs compatible with a visual representation,

2) Fact Merging: This phase consists of two steps: rst€nsuring that the data can be aligned along common axes
resolve redundancies by constructing sets of factually similé-g-, consistent time or category labels on the x-axis and

facts asfact sets and second, merging semantically similafomparable values on the y-axis). N
fact sets intomerged fact sets within a cluster. 3) Missing Entity Handling: After obtaining themerged

Resolve RedundancyMultiple articles often express thefaCt Sgts we often epcounter missing entit.ies, .SUCh. as geo-
same fact in different wording or styles, yet convey equivaleﬁ;ff""ph'Cal chatlons, t|me references, or subject identi ers, th?t
underlying factual content. For exampt8,7 million children &€ _essentlal f(_)r clarity. These gaps can _make the narrative
were homeschooled in 2024ihd“In 2024, 3,700,000 students ambiguous or incomplete and typically arise from the frag-
homeschooled:To handle the redundancy, we use an LLM t(gnented nature of fact extraction, where individual sentences
constructfact setswithin each cluster based on their factuaf@y OMit context preS(_ant n th(_a ongln{:\I sourcg._l_dentlfylng_all
similarity in fact contentand data points We observe that necessary contextual information during the initial extraction
semantically similar statements may include con icting valueStage Is often infeasible due to the complexity and variability

Resolving these contradictions requires more sophisticated fgfzpowl mforma_t(;on 'i prfes”ent_ed acrosfs d|ffer_e?: articles. Fgr
checking, with potential approaches noted in Section VIII. €X@mple, consider the following two facts within a merge

Pl 0 H H H
Merge Fact Sets.The extracted facts are often ne-grainedgrOUp' 23.1% of parents in the U.S. cited special needs as

captured at the sentence or phrase level. While this granulajty . oo for_ homeschoolingand "15.6% of parents said
b P ) g %t the child had a physical or mental problenWhile the

IS bene.C|aI for |den't|fy.|ng similar facts as discussed abovel,gt fact explicitly mentions the U.S., the second fact lacks a
it also introduces signi cant challenges such as fragmente . T .
eographical reference, making it ambiguous.

information that disrupts narrative coherence and leads quo tackle this, we employ a multi-step approach to identify
cognitive overload, when facts are presented in isolation. g?]d Il missing ,entities First, we use Named Entity Recog-
response, we propose a Mmerging process that combines rttion (NER) to detect and classify entity types in each fact.
mantically similarfact setswithin each cluster. Thesmerged Next, we compare the entity types across facts within each
fact setsform the basis of théNarrative Unitsdiscussed in merg,ed fact seto detect missing entities. If an entity is
:Ee Sect;)%n V]:Bl' T:‘.'S m}[Er?[ves thehreidtab”'woﬁrt'g redl;f%?esent in one fact but absent in others, our algorithm ags
© nlum rg nr?lrra Ves fi Users hav _0 _Scr ) OUgN- it as a potential missing entity. To Il those missing entities,
. Th|s. merging is challen.glng d.ue to variations in perspegge leverage an LLM to analyze the original article content
tives, time frames, and units, while also needing to ensure they infer the missing entities. Finally, theseerged fact sets
compatibility ywth the visualizations that su_p_p_ort the na”at!vﬁndergo an iterative validation and re nement phase similar
(R4). To achieve coherence and compatibility, our merging the previous stage. The validation checks their correctness

process follows a structured approach within a prompt, iyainst the original article and provides feedback, while the
corporatingUnit Consistency, where all facts use the sam&g nement applies corresponding edits.

measurement unitsThematic Relevance where facts con-
tribute to a cohesive storyTemporal Consistency where p. Implementation Details
facts share logically connected time frames; &iglialization We employ Google Search for article retrieval, using

Read.lnessvv.here data share a consistent x- and y—ax'ls. SearchAPi to collect organic Search Engine Results Page
Unit ConsistencyThe fact sets are grouped by unit typSERP) and Serper APlo extract page text, in compliance
to maintain consistency, while normalizing the units whegith source site terms and copyright laws. For the LLM
necessary (e.9-:3,000,000"  “3 million™ ). The fact sets mentioned in both Sections IV and V, we use OpenAl's
with different measurements or unit types are not merged. Fé}ft—4o—2024—08—06n0del, which supports structured outguts
example,“Three million children are homeschooledannot ¢y, consistent formatting. We de ne the output schema for
be merged wittf20% of students were homeschooled$ one ogch LLM task and apply techniques such as Chain-of-
uses a count and the other a proportion. Thought (CoT), prompt chaining, and few-shot prompting.
Thematic Relevancélhe fact setsare merged when they Detailed prompts are provided in the supplemental materials.
share a common theme. For examp23.1% said that the For the clustering, we utilize OpenAl'sext-embedding-3-
reason for homeschooling was the child's special nee@isd |arge model for vector embeddings and the Gaussian Mixture
“15.6% of parents said that the child had a physical or mentaliodel (GMM) method, which supports soft clustering in
problem” can be merged as23.1% of parents cited their an unsupervised manner [65]. To accommodate screen size
child's special needs as the reason for homeschooling, whignstraints and mitigate information overload when visualizing
15.6% pointed to physical or mental health challenges”  clusters as discussed in Section V-A, we limit the maximum
Temporal Consistencythe fact setsare merged only when number of clusters to 10. For the NER task (Section IV-C3),
they share compatible time ranges; those from different perioge use SpaCy's transformer-based modael.core web trf 8,
remain separate. For exampféjomeschooling increased by Shitos:fww.searchani.io
25% between 2020 and 202t&annot be merged wittHome- Ghttgs;//serpér.dev/ Pl
schooling rates have doubled over the past decaaiethe rst  7hyps:/jopenai.comiindexfintroducing-structured-outputs-in-the-apif
re ects a short-term trend and the second a long-term patterréhttps:/spacy.io/models/en#arore web _trf
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the main theme, while the outer ring presents supporting
details.

A link (Fig. 3 ) between two clusters indicates the
number of shared articles between theRR) where those
articles contain information relevant to multiple topics. The
thickness of each link re ects the number of shared articles.

2) Filter Widget: As shown in Fig.1 , Filter Widget helps
to manage visual complexity and support diverse exploration
needs. The Iters include: (IRelevance-based topic ltering
a single-thumb slider, which limits the number of displayed
Thematic Circles(six by default) based on their relevance
to the query (Section IV-C1); (Zphared article connection

Figure 3. Thematic Circle represents one cluster of facts, with the clust{€ring , a range slider, which adjusts the visibility of inter-
representative fact (A8) displayed in the inner circle, and individual data fadigpic links based on the number of shared articles to reduce
gﬁgégojﬁfﬁ‘é:g;ﬁg r?‘;/g‘;?“ of}ai'tfs";gs‘g e agﬁii'lghere each circle is CO"HIuttgr and support targeted exploration; andRajt visibility
toggling, which lets users show or hide fact dots to maintain a
due to its robust performance and comprehensive entfganer view. Based on the applied lters, the summary panel
coverage. We have releas@bmpendis source code here: (Fig. 1 ) updates to summarize both the statistics of the

https://github.com/compendia-project for public use. current story and the overall distribution of articles and facts,
providing a concise snapshot of the information landscape.
V. VISUAL STORYTELLING 3) Interactions: Compendianables rich interactions to

Our visual storytelling module builds upon the above mod|0W users to smoothly explore the overview of the story.
ule and consists of Zhematic Overview and Story View, Users can hover over a data fact dot (Fig. 3 to reveal the

as shown in Fig. 2 . The Thematic Overviewprovides users detailed fact panel (Fig. 1) displaying the detailed fact, its
with a brief visual summary of major topics related to theipOUce and p%’b"?a“,on yeaRy). Furthermore,_eagh favicon
query, and theStory Viewenables users to explore detailedF19- 4 ), which indicates the source article, is clickable and

data facts in an interactive and engaging manner redirects users to the original articl®%). Hovering over the
related articles bar (Fig. 3 ) reveals the list of the articles

A. Thematic Overview contributing to the cluster as shown in Fig. 1 Similarly,
TheThematic Overview (Fig. 1) groups extracted facts intohovering over the radial bar for related facts (Fig. 3
semantically-coherent topics, allowing users to gain a quicksplays a panel showing the count of related facts (Fig)1
summary of all the relevant topics for a given queRL). To Hovering over a link (Fig. 3 ) reveals the shared articles
avoid overwhelming users, thiEhematic Overviewntegrates panel (Fig. 1 ), which lists the information about the shared
aFilter Widget that allows the users to simplify the view andarticles R2), including their titles, publication years, and
focus on what matters the most. sources. Users can also toggle the articles panel (Fig) y
1) Thematic Circle: The Thematic Circle (Fig. 3) is de- clicking on the bottom-right arrow button as shown in Fig. 1.
signed to visualize details of a cluster, including a concide shows all the articles contributing to the story, including
topic and related fact details, allowing users to gain a quitkeir titles, snippets, sources, and published yeREs. (
summary of a cluster. The concistuster topi¢ displayed at
the top (Fig. 3 ), indicates the main theme of the clusterB: Story View
The circle (Fig. 3 ), xed in size, encloses the text of The Story View (Fig. 4 ) allows users to move from
the cluster's most representative fact. The dots (Fig. B the overview to detailed exploration of the data facts of a
positioned in the bottom half of the circle display individuatopic, helping them understand the quantitative evidence. This
data facts in the cluster. Each dot is color-coded by tlensists of aNarrative Unit (Fig. 4 ), which provides a
publication year of its source articld&R§), allowing users to detailed story with a chart, and a zoom&tematic Circle
quickly assess the timeliness of the information. As showfig. 4 ), which presents the top three most relevant data
in Fig. 3 , connected dots indicate similar facts identi edacts as text within circles (Fig. 4 ), rather than showing
through the merging process described in Section IV-C2. Thaly the most representative fact.
two radial bars indicate the number of facts (Fig. 3 and 1) Narrative Unit: TheNarrative Unit, shown in Fig.4
the number of contributing articles (Fig. 3) related to the summarizes amerged fact setderived in Section IV-C2,
cluster, enabling easier comparison between clusits ( combining a text description (Fig.4 ) with a chart (Fig.4 )
The design balances overview and detail to satiBfiy in detail (R4). The narrative title , shown in the top right of
While displaying the details of all the facts could be overthe Narrative Unit (Fig. 4 ), conveys the core message of
whelming [66], showing only a brief topic overview, such ashe merged fact setgenerated by prompting an LLM to give
a word cloud of keywords, is often ineffective for interpretaa concise title of thenerged fact set
tion [67]. Our design adopts a focus+context strategy [68] thatThe narrative caption, a text with highlights, shown in
balances overview and detail. Also, inspired by @icle Map Fig. 4 , expresses the facts, innaerged fact setin natural
used in structured brainstorming [69]: the inner circle conveysnguage to form a meaningful story. The caption highlights
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Figure 4. Scrolly ow of Compendia The system transitions fromihematic Overview (A) to Story View (B) when scrolling down. (B) illustrates the
narrative related to U.S. homeschool growth, where the corresponding fact is highlighted in the outer area of the zoomed thematic circle. Since this narrative
is derived from one of the top 3 facts in the cluster, the related fact is also highlighted within the zoomed thematic circle.

key numerical values, applying consistent colors to match ths users scroll to the nexXflarrative Unit within the same
data values across both the caption and the visualizadh ( cluster, the zoome@hematic Circleanimates to highlight the
The favicons at the end of the text (Fig. 4) indicate the facts related to the neNarrative Unit smoothly transitioning
source articles for the narrativiR%). This narrative caption between visual statefR). For example, when scrolling, we
is generated during thilarrative Generation phase of our animate theThematic Circlefrom Fig. 5 to Fig. 5 ,
framework (Fig. 2 ), as HTML code, using an LLM to updating the highlights such as most representative facts
highlight and summarize all the facts withinraerged fact (Fig. 5 ) and fact dots (Fig. 5 ). When users scroll past
setand produce a concise, human-readable story. the last narrative of the current cluster to a new cluster, the
Thenarrative visualization, shown in Fig. 4 , illustrates System pans and zooms to fthematic Circleand unfolds the
the underlying data of anerged fact sefR4). It can take the Narrative Units
form of bar, pie, line, isotype, range/dumbbell, or text, which Non-linear exploration. In addition to scroll-driven pro-
are the commonly-used charts in news and data-driven articlgegssion, users can jump to any cluster by clicking tiematic
as also noted in prior research [11], [12]. TWisualization Circle (Fig. 3). The system navigates to that cluster's rst
Preparation phase of our framework (Fig. 2) recommends Narrative Unit from which users continue scrolling to reveal
the chart type using an LLM, informed by prior work [70]the remainingNarrative Unitsas in linear exploration. Users
that uses LLMs to recommend appropriate visualizations. can return to therhematic Overvievby clicking the outside

2) Interactions: Compendigrovides a scroll-driven narra- (Fig- 5 ) of the Thematic Circle
tive interface that implements scrollytelling techniques [71] to
support both linear and non-linear exploratidR3). VI. UsSeCASE

To enable a smooth story ow among differeNarrative In this section, we present a use case scenario where Bob, a
Units, we arrange them in a coherent sequence at two levalsiversity student and avid news reader, is analyzing TikTok's
(Narrative Organization in Fig. 2 ): across clusters andglobal trends for a media studies assignment. Rather than
within each cluster, as each cluster contains one or mageking for subjective takes, Bob aims to uncover objective,
Narrative Units First, the inter-cluster ordering follows thequantitative facts about the TikTok's worldwide impact.
inverted pyramid paradigm for engaging news reporting [72] Bob discovers our syster@ompendiaand enters the query
by placing the most relevant clusters rst based on the clustergikTok trends worldwide” Instead of returning a at list of
relevance scores (Section IV-C1). Second, the intra-clustgticles, the system expands the query with variations, retrieves
ordering uses an LLM to arrangdarrative Unitswithin a relevant articles, and extracts quantitative facts. Within mo-
cluster, producing a coherent sequence with smooth transitignents,Compendiaransforms his query into a rich, interactive
betweerNarrative Units This layered approach transforms allisual overview (Fig. 5 ). From 12 retrieved articles, the
Narrative Unitsinto a coherent data story. system identi es 106 distinct facts and organizes them into

Linear exploration. As users scroll down the pag€om- thematic clusters such as Global Reach, Gen Z Focus, App
pendia progressively unfolds the story following the abovebBominance and others. Initially, it presents 64 facts drawn
mentioned order. When users begin scrolling onThematic from the six most relevant clusters, sourced from 9 of the 12
Overview Compendiasmoothly transitions to the rsBtory articles as displayed in summary panel (Fig.5, giving Bob
View (Fig. 4 ) using an animated pan and zoom to focus aa rst glance of the most relevant themes. Yet, he wants to
the rst Thematic Circle while keeping other circles subtly dig deeper into the evidence.
visible in the background, following thé&Pan-And-Zoom~” Eager to explore the story behind the clusters, he scrolls
scrollytelling technique [71] R3). The zoomedThematic down, and the system smoothly pans and zooms int@ke
Circle highlights facts associated with the currévarrative Z Focus cluster from the overview. The story begins with
Unit (Fig. 4 , ), while dimming others (Fig. 4 ) (R5). TikTok User Demographic&ig.5 ), where Bob learns that
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Figure 5. Compendiagenerated story for a quefflikTok trends worldwide” showcasing: (A) the Thematic Overview; (B—C) the continuous scroll-down
ow from (A) to (C) to explore the story; and (D) jumping to the story in thfeuth Appeal theme by clicking the thematic circle (A6) in (A).

70% of TikTok's users are from Generation Z. The highlightedf our framework. The two user studies provided a comprehen-
circles (Fig.5 ) show that this story draws on three key factssive evaluation ofCompendia with the rst study assessing
while the favicons (Fig. 5 ) and highlighted dots (Fig. 5 ) usability and effectiveness, and the second study evaluating
show that the story draws on two articles and three data faasological validity and real-world utility. More details related
Wanting to check the credibility of the data, Bob hovers ovéo the studies are provided in the supplementary materials.
the fact dot (Fig. 5 ) to see the concise fact details as i\, Quantitative Evaluation

the Fig. 1 panel, and clicks on the favicon to trace it back Procedure We generated four data stories for topics

to the original sources, con rming their credibility. in distinct domains (e.g.|Tiktok trends worldwide’) using

IA? he scroflls further, new narratives emerﬁe, for Example, ®bmpendialn total, 399 extracted data facts from 36 articles,
Platform Preference by GendéFig. 5 ). In the background, producing 196merged fact setalong with their associated

the Thematic Circledynamically updates, highlighting thenarrative captionsand visualization recommendationgwo

facts relevant to each unfolding story. This scrollyt_elling OWeo_authors independently reviewed and coded each story with-
helps Bob stay connected to the overall story while drawing ;o discussions to maintain objectivity. They examined
him deeper into the evidence like user grqwth,_downlo e key aspects: the accuracy 6dct contentanddata points
trends, revenue growth and many more fullling his goal of,, the pata Fact Extractionstage; the quality omerged
nding quant|t§t|ve facts. After following the initial cluster's,fact setsfrom the Fact Organizationstage; and the quality
B_Ob Igrovl\_/skcurlogs at;]outhwhat _GISE_B hle m|ght unr(]:over. W'thoef narrative captionsaandvisualization recommendatiorfisom
E'mﬁe. clic hOUtS' e_t et ‘?ma“c circle (Fhlg.5l)’ € mov?s the Visual Storytellingmodule. To evaluate the accuracy of
ack into the overv(ljew h(F'g'5 )t') USIPg. t,bT ter contr((j)s fact contentand data points the coders manually compared
(Fig.5 ), he expands the number of visible topics and pays, ., exiracted fact with its source articlefact contentwas
his attention to the themes with more facts and broader art'%rked as correct if its meaning and context were faithfully
COV?rage: egs:lly |dent|_ ed by the radial bars (Fig. 5)_' . retained, and alata pointwas marked correct if it exactly
His cur|05|ty_lea0!s hlm_to th¥outh Ap_peathe_me. Clicking matched the value in the source. The quality rafrrative
on the Thematic Circle(Fig. 5 ), he jumps into a related c5ntionswas marked as correct if they faithfully re ected
narrative, where he discovers that 30% of TikTok users exprggs underlying data facts. Anerged fact setvas marked
interest in women's sports (Fig. 5). With each new dis- o5 corect if the underlying data facts logically t together.
covery, Bob becomes increasingly impresseddmmpendia  p yisyalization recommendatiowas marked as correct if it
ability to distill scattered news coverage into clear, engagingsteciively represented the extracted data; otherwise, coders
and objective visual narratives. provided their own recommendation.

Results We adopted accuracy (i.e., the proportion of
correct items in all extracted items) as the primary evaluation
metric. Compendiaachieved 97.2% accuracy in bofact

We extensively evaluate@ompendiathrough both quan- content and data points 95.9% accuracy inmerged fact
titative evaluation and two user studies. The quantitatigets 92.3% accuracy imarrative caption and 77% accuracy
evaluation measured the accuracy of results at different stagewisualization recommendation$hese results demonstrate

VIl. EVALUATION
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