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ABSTRACT

Fact-checking data claims requires data evidence retrieval and anal-
ysis, which can become tedious and intractable when done manually.
This work presents Aletheia, an automated fact-checking prototype
designed to facilitate data claims verification and enhance data evi-
dence communication. For verification, we utilize a pre-trained LLM
to parse the semantics for evidence retrieval. To effectively commu-
nicate the data evidence, we design representations in two forms:
data tables and visualizations, tailored to various data fact types.
Additionally, we design interactions that showcase a real-world ap-
plication of these techniques. We evaluate the performance of two
core NLP tasks with a curated dataset comprising 400 data claims
and compare the two representation forms regarding viewers’ as-
sessment time, confidence, and preference via a user study with 20
participants. The evaluation offers insights into the feasibility and
bottlenecks of using LLMs for data fact-checking tasks, potential
advantages and disadvantages of using visualizations over data
tables, and design recommendations for presenting data evidence.

CCS CONCEPTS

« Human-centered computing — HCI theory, concepts and
models; Empirical studies in visualization; « Information
systems — Information retrieval query processing.
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1 INTRODUCTION

Imagine skimming through an ESPN analysis comparing two ath-
letes’ performances, reading a New York Times article about COVID
trends, or browsing Fox News coverage on the upcoming U.S. elec-
tion. These articles likely contain many data claims. However, data
claims can contain inaccuracies from various sources. Errors and
omissions might arise from oversights during the composition
phase, where analysts engage in data analysis and manually tran-
scribe insights into textual form [21]. Additionally, the frequent
updates in data can exacerbate discrepancies between the data and
the claims made. More alarmingly, bad actors may deliberately ma-
nipulate or fabricate data facts to advance specific agendas or pro-
paganda. Regardless of intent, such flawed data claims contribute
to a flood of misinformation that inundates and contaminates our
information ecosystem, potentially misleading the public.

A standard practice to mitigate misinformation is through fact-
checking, a process of assessing the veracity of textual claims based
on authoritative or trusted evidence. Typically undertaken by pro-
fessional fact-checkers within news organizations, fact-checking
has long held a vital role in upholding the accuracy and integrity of
information [30]. However, with manual fact-checking challenged
by the increasing column of information production and dissemi-
nation, both practitioners and researchers are turning to advanced
technology, notably automated fact-checking (AFC) [1, 31].

Automated fact-checking applies to many scenarios, especially
in news platforms and social media. Researchers in computational
journalism [22, 27] have advocated for sophisticated technologies
to enhance and facilitate fact-checking tasks. Such tools can serve
multiple roles for fact-checkers and journalists alike, and empower
news readers to critically audit the content they consume [28].
Recently, the data mining and natural language processing (NLP)
communities have contributed to a growing body of research to
address this demand [101, 102], with a particular emphasis on down-
stream tasks [53, 55, 108], domain-specific requirements [54, 92],
and the provision of annotated claim-evidence datasets [32, 89]
for model training. The majority of prior work has mainly con-
centrated on text-based evidence, wherein claims are verified by
cross-referencing them with a textual corpus of established facts, in-
cluding sources like Wikipedia pages [78] and scientific articles [93].

Data claims, also known as numeric or statistical claims [17], use
natural language to describe facts/insights derived from structured
data and/or statistics. We posit that the veracity of data claims
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is intrinsically tied to speci ¢ quantitative datasets, leadingtoa 2 RELATED WORK

divergence in tasks from the conventional text-based fact-checking  This work is driven by prior research in automated fact-checking,
pipeline. This divergence can manifest at various stages, primarily - eisting strategies on justi cation presentation, and techniques for

evidence retrieval and presentation. While some existing solutions ;isyally linking between text, tables, visualizations, and data.
for automated fact-checking translate natural language into SQL

queries B3 47, these methods often struggle to address more .

complex insights (e.g., anomalies, trends, associations, etc.). These2-1 Automated Fact-checking

methods also require a pre-established knowledge base or set of SQLAutomated fact-checking has garnered signi cant attention in the
query candidates tailored to the dataset, limiting their applicability =~ NLP community to help counter misinformation and disinformation.
to new datasets. Furthermore, despite recognizing the importance Extensive research e ort has been dedicated towards downstream
of providing corroborating justi cation [31, 90, research on data tasks, including claim detection3f, 35, evidence retrieval 33
evidence presentation and optimal representation forms for diverse 59, verdict prediction [72 8§, justi cation production [41, 68§,
data claims is scarce. E ective presentation of data evidence can not and more.Guo et al. [31]consolidate these tasks into a cohesive
only bolster persuasiveness but also empower viewers to pinpoint framework outlining the essential components for automated fact-

inconsistencies between evidence and outcomes.
Thus, this work tackles two primary research questiofit. how

checking systems. We re ned this framework speci cally for data
claims, leading to the creation dfletheia

do we enable out-of-the-box automated fact-checking for data claims? Traditionally, automated fact-checking systems was grounded

andQ2. how do we e ectively represent and communicate data evi-

dence?Building upon an established fact-checking framewo8d],
we rst propose a modi ed automated data fact-checking frame-
work (Figure 1) comprising six componentiata claim detectiofC1),
text-to-data mappingC2),data evidence retrievéC3),verdict deter-
mination & presentatio(C4),data evidence presentati@b), and
end user interactiofC6). We design and develop a prototype fact-
checking systemAletheig to integrate these components, serving
as both a proof-of-concept for our proposed framework and a design
prototype that showcases its feasibility for practical applications.
This pipeline uses GPT models for downstream NLP tasks, lever-
aging its innate semantic parsing abilitieg, 107. Informed by a
content analysis of data claims in sixteen real-world articles, our
prompting pipeline uses seven steps (Figure 2) to transform claims
into data fact speci cations 25 80, 97]. This transformation en-
hances the transparency and interpretability of the connections
between claims, the pertinent data subsets, and the derived insights.
For more e ective data evidence communication, we introduce
twenty-six data evidence representations across both data tables
and visualizations for thirteen data fact types. To impro&ketheias
practical utility, we incorporate interactions to facilitate stakehold-
ers' fact-checking needs, such as overriding Al-induced mistakes.
We evaluateAletheids two key components: the performance
of the core steps in ouclaim-to-datatransformation pipeline Q1),
and the e ectiveness of the data evidence presentation when com-
paring the data table and visualizatio®@g). In particular, we assess
the backend pipeline on a manually curated dataset of 400 claims
across various types (section 5), demonstrating the LLM's promis-
ing capabilities in classifying data facts and converting natural
language data claims to data fact speci cations. Regardd®)we
conducted a mixed-method user study with 20 participants tasked
with reviewing data claims (section 6). Our ndings indicate that vi-
sualization charts outperform data tables in terms of the reviewing
time for most data fact types (7 out of 13), enhance participant con-
dence across all data fact types, and are preferred in the majority.
Drawing from our ndings, we ultimately put forth four general
design recommendations for e ectively presenting data evidence.

on knowledge bases, verifying claims against a textual corpus of
accumulated facts (e.g., Wikipedia pag@§|[ scienti c articles [93,

or knowledge graphs§87). These systems rely on pre-established,
reliable information sources to identify related supporting claims
as evidence and determine the veracity based on the coherence
with the evidence. In contrast, our work focuses on data claims that
are not explicitly in the knowledge base but can be inferred from
structured data tables. Data tables are a ubiquitous medium for stor-
ing information across various applications, and practitioners(e.g.,
data analysts, business analysts, etc.) often create text reports to
summarize insightful statistics.

Previous research in text-to-data matching has tackled simi-
lar challenges, linking entities in text paragraphs to data tables
through semantic parsingd6, 60, 65 88 103. Additionally, chart
reasoning techniques have been applied to fact-checking applica-
tions, focusing on verifying the correctness of data statements with
a given chart image. For instance, Akhtar et al. introduced two
baseline datasets3[ 4] for generating explainable fact-checking
results over chart images. Most of these methods operate within
supervised settings, which require expensive training on extensive
documents, data tables, and chart images. Alternatively, unsuper-
vised solutions ] often su er from limited scalability and unstable
performance 5. Another line of research addresses this problem
by translating natural language claims into SQL queries and vali-
dating the claimed values against the queried results. For example,
AggChecker #3 maps data claims to a probability distribution
over a set of candidate SQL queries. While this method operates
in an unsupervised manner, expanding the system to accommo-
date new datasets requires updates to the query candidates and
probabilistic models to account for new table schemas. Similarly,
Scrutinizer 37 employs an NL-to-SQL translation strategy but
integrates an additional mixed-initiative pipeline that permits in-
put from human experts to guide the translation process. However,
the initial translation model relies on machine learning classi ers
trained exclusively on the schema of the input data table, thereby
constraining its adaptability to new datasets.

Considering the broad accessibility of pretrained LLMs (e.g.,
GPTs) and the proven ability in initial fact-checking trial4§ 38
84, this study delves into a fact-checking solution harnessing the
integrated capability of pretrained LLM. Our primary goal is to
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explore an out-of-the-box fact-checking solution designed for  crowdsourced workersKim et al. [49]automated the association
non-expert practitioners, such as journalists and business analysts, between text and table cells using NLP techniques, enabling the
who often lack the resources for model training and may not possess interactive highlighting of relevant table cells in response to user-

an in-depth understanding of complex fact-checking models.

2.2 Verdict and Justi cation Presentation

When assessing verdicts through automated approaches, it is cru-

cial to communicate its fact-checking decisions to the fact reviewers
with comprehensible justi cations 24 29 31,53 97. Consequently,

e ectively presenting fact-checking results emerges as a vital re-
search aspect that culminates at the end of the fact-checking pro-
cess 7. The primary method of conveying verdicts involves the
use of veracity indicatorsT), i.e., graphical elements succinctly en-
capsulating the veracity of claims on truth scales. For instance, color
codings are commonly applied to present fact-checking outcomes
in a variety of fact-checking research endeavodSg[75 89. Public-
facing fact-checking platforms, such as PolitiFact and Snopes, often
include more comprehensive fact-check ratings that encompass not
only varying levels of claim truthfulness but also categories such

as scam, outdated, or research-in-progress to enhance credibility.

ClaimViz [7g presents a visual analytics system that supports jour-
nalists in reviewing large amounts of factual claims and identifying
check-worthy ones.In an e ort to provide guidance on e ective
presentation of veri ed information to fact-checking report read-
ers, Hettiachchi et al. [37]identi ed six critical design elements
in fact-checking reports and studied their impact on improving
the credibility and presentation of the reports with crowd-sourced
experiments.

In the pursuit of enhancing the explainability of automated

selected sentenceBadam et al. [13proposed to connect text and
tables through the generated contextual visualizations to enhance
the reading experience. Latif et.ahtroduced Kori p6, a mixed-
initiative interface designed to facilitate the authoring process of
interactive data documents by o ering both recommendations for
linking text with charts and manual construction of references.
These techniques e ectively link textual content with prede ned
tables or visualizations embedded in the same document. In our
fact-checking context, we consider the entire dataset behind the
scenes, with the audience exposed solely to the textual content.
Within this context, Chen and Xia developed CrossDafd][
an authoring assistance system that retrieves backend data and
presents it in table or visualization form during the document au-
thoring process. CrossData primarily focuses on providing rich
interactions to facilitate author-driven associations between text,
tables, and visualizations during document creation. Conversely,
our work is centered on devising means to e ectively communicate
data evidence relevant to claimghi et al. [106]highlighted the
positive impact of linking visualizations and text in storytelling on
aspects such as comprehension, engagement, and recall. However,
the objectives di er regarding the communication of data evidence,
encompassing e ciency, data consistency, and user con dence in
the verdict. In our work, we explore two visual representations
data tables and visualization charts, as means to e ectively present
data evidence. We assess their impact on e ciency, user con dence,
and preference during the claim review tasks through user studies.

fact-checking systems, automated fact-checking research has em-

ployed di erent approaches24, 31, 90, including summarization
(extractive and abstractive)lfl, 53, logic-based 1§, attention-
based 73 81], and counterfactual103 methods.Vallayil et al. [90]
speci cally examines the application of explainable Al (XAl) to auto-
mated fact-checking, highlighting signi cant challenges existing in
multiple aspects, including the current lack of datasets that facilitate
the explanations production and the ambiguity surrounding dif-
ferent concepts and taxonomy (e.g., global vs. local explainability).
More recent studies (e.d]) aim to provide datasets for explainable
fact-checking. However, it is worth noting existing explainable fact-
checking research also predominately resolves around claims and
evidence presented in unstructured text, whereas our work centers
on data-driven claims and evidence rooted in structured quantita-
tive information that requires distinct forms of presentation.

2.3 Linking Data to Visual Representations

When reviewing data-driven claims, identifying relevant data sources
serves as the cornerstone for assessing the veradi/§7. Conse-
guently, e ectively communicating the underlying data to viewers
during the process is pivotal in developing data fact-checking sys-
tems. The HCI community has made substantial contributions in
advancing the realm of e cient data communication and content
consumption within data documents using other visual representa-
tions, including data tables and visualization charts. For instance,
Kong et al. [52developed an interactive document viewer with the

3 A FRAMEWORK FOR DATA CLAIM
FACT-CHECKING AND COMMUNICATION

Although the four-part NLP framework formulated by Guo et §1]
encapsulates the essence of fact-checking tasks, the downstream
tasks are rooted in knowledge-based fact-checking resear&qy,

93 focusing on claims sourced from qualitative evidence. Our work,
in contrast, focuses on fact-checkimtata claims: natural language
sentences with one or more facts froquantitativeinformation.

Fact/knowledge-based claims and data claims di er in the nature
of their evidence. The former, like the statemenrfthe director of
the movie "Oppenheimer' also directed "Intersteliag’ typically
veri able through historical records, direct evidence, or established
knowledge. In contrast, a data claim, such &he total gross of
"Oppenheimer' accounts for 20% of the worldwide box o ce gross
of all Ims directed by Christopher Nolamglies on retrieving and
aggregating a collection of data points across speci ¢ measurements
(e.g., gross), aligning with the claimed insight type (i.e., proportion)
and matching the asserted value against the gathered data.

While sharing parallel goals with conventional automated fact-
checking endeavors, our focus on data claims necessitates a distinct
approach to processing claims and conveying data evidence. To
align closely with our focus, we have adapted the NLP framework
proposed by Guo et aJ31] to model the automated fact-checking
and communication process for data claims. This modi ed frame-

reference among text, tables, and visualization charts established by work (Figure 1), comprises the following six components:
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Figure 1: An overview of our modi ed framework for automated data claim fact-checking and communication, based on Guo

et al.'s framework [ 31]. The process begins by extracting data claims from data articles. These claims are mapped into data fact
speci cations designed to fetch pertinent evidence. This evidence not only aids in determining the veracity of the associated
data claim but also serves as the justi cation for the verdict. The initial three components form a pipeline for the NLP tasks.

This NLP pipeline (Figure 2) underpins Aletheia's backend. The last three components connectto Aletheia's interface (Figure 3).

C1. Data Claim Detection . Our modi ed framework starts with
the extraction of individual data claims from data articles or reports.
This focus diverges from the conventional NLP approach to claim
identi cation, which primarily concentrates on assessing the “check-
worthiness' and “checkability' of claims [10, 24, 31, 66].

C2. Text-to-data Mapping . The extracted data claims are trans-
formed into corresponding data fact speci cations, wifext-to-
data Mappingaccommodating the distinct evidence retrieval pro-

factual level ensuring that the textual description aligns with the
actual data but not considering veracity at the reasoning level.

C5. Data Evidence Presentation. The data evidence and oper-
ations need to be communicated to users for verdict justi cation.
Unlike presentations used for qualitative eviden@4[31, 90, our
work involves quantitative evidence, such as the subset of data and
the statistical logic/rules associated with claimed data insights. This
departure leads us into the realm of HCI and data visualization,

cess and data aggregations involved in data claims. Researcherswhich has received limited attention in previous studie7. In this

have developed frameworks and taxonomies to encapsulate the
diversity and characteristics of such "data facts/insigh&'20, 57,

69 104. We use the terndata fact as the granular representation

of the data insight extracted from the textual claim. Particularly, we
adopt the speci cations of data fact from previous resear&®[97]

to de ne the core data and insight within the claim descriptors such
as data fact types, subspace, value, aggregation, measure, etc.

C3. Data Evidence Retrieval . The data fact speci cations are
used to retrieve pertinentata evidence i.e., the subset of data
directly related to the claim. This process di ers signi cantly from
conventional NLP-focused evidence retrieval that searches for cred-
ible information from large text corpus/knowledge bas&g[87,93

or incorporating additional metadate9f. In our work, data evi-
dence consists of structured formats of numeric information. For
instance, fact-checking a data claim about COVID-19 trends can
utilize datasets from o cial/authoritative sources (e.g., WHG().
Thus, our work assumes the availability of a speci ¢ dataset to check
against and concentrates on retrieving the relevant data evidence.

C4. Veracity Determination & Presentation . Unlike knowledge-
based fact-checking approaches that rely on pre-existing credible
text excerpts, our method employs the procured data evidence and

the associated data operations. We assess the veracity of a data claim

by comparing the computed values/statistics with those claimed
in the text. Note that veracity assessment can depend on three
fundamental dimensionglarity at the linguistic levelconsistency
with the data at the factual level, ancbnformitywith the logic at the
reasoning level. While our work encompasses steps to disambiguate
the linguistic expressions of data claims, our scope remains on the

work, we aim to investigate innovative methods for more e ective
communication of data evidence (introduced in subsection 4.2).

C6. End User Interaction . Previous fact-checking frameworks
have often overlooked human involvement, which can improve fact-
checking outcomes by clarifying semantics, correcting Al errors,
and making the fact-checking outcomes more actionable. With
diverse end-users, their interaction needs can vary greatly; for
instance, authors or editors may revise a data article to ensure
accuracy, whereas fact-checkers aim to explain problematic data
claims to a broader audience. Our work addresses these needs by
proposing user interactions with Al-driven fact-checking tools that
can operationalize preceding components e ectively.

4 ALETHEIA

We have developed a prototypAletheia to encapsulate these six
components in our frameworkAletheiais an interactive system
with an LLM-based backend and a web-based frontend interface.

4.1 Backend LLM-based Pipeline

A pivotal component inAletheids framework is extracting data
claims and retrieving the pertinent data evidence (C1 C3). This
process converts a data-rich article into a series of data fact speci -
cations that can be readily employed for data retrieval.

4.1.1 Design Implications for Prompt Pipelife. conducted a

qualitative content analysis of real-world data claims to guide us
in de ning subtasks for our prompt design. We examined sixteen
real-world data articles from various topics and sources, manually
extracting 108 data claims for thematic analysis. This step involved
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Figure 2: Overview of our LLM-based pipeline, which takes in a data article and outputs JSON speci cations used to retrieve data
evidence for each data claim. Seven steps are chained. The rst ve steps form the pre-processing phase, which transforms the
input text rstinto individual data claims (S1) with compound claim identi cation (S2), then into distinct data facts (S3) with
coreference resolution (S4) and ellipsis resolution (S5). These data facts are further processed in the last two steps, the core

steps of our prompt pipeline, which classify the types of data facts
used for retrieving the pertinent data evidence (S7).

identifying key themes, re ning initial codes, and engaging in it-
erative discussions to agree on the nal codes and themes. The

(S6) before converting them into data fact speci cations

Pipeline Components . Our proposed NLP pipeline consists of
seven chained steps. Due to the uncertainty in both our pipeline

data claim corpus and the established codes are accessible in thestructure and the LLM's ability to handle each task during our

supplemental materials. Our analysis yielded four main ndings,
each leads to an implication for our prompt pipeline design:

Findings Implications

F1. Data claims often include more I11. Decompose compound data claims into
than one data fact. multiple independent, individual data facts.

F2. Inconsistent/ambiguous terms I2. Provide the reference dataset's attribute
may be used to describe attributes. list to improve identi cation accuracy.

F3. The contextual information deter- 13. Infer and supplement key information
mining the subspace may be omitted. based on context to determine subspace.

F4. Coreferences are generally used4. Replace coreferences with actual entities
to represent real-world entities. based on context.

Table 1: Findings and implications for prompt design

Summary: The complexity and ambiguity inherent in real-world
data claims require that they be decomposed into simpler, more ver-
i able facts, and disambiguated through more precise referencing
and scoping. For example, to verify the clainPrices tumbled 1.1%
year-on-year, logging their rst annual decline since June 2Q20

a news article 98, the process involvesl to dissect the claim into
two distinct data facts (i.e.fumbled 1.1%ind" rst annual decling);

12 and 13 to specify what “prices' refer to, in this case, "housing
prices, and to de ne their geographical and temporal scope; #hd

to ensure that “their' refers to "housing prices.

4.1.2 Developing an LLM-based Pipeldw: content analysis indi-
cates that fact-checking data claims require several NLP tasks. Train-
ing models from scratch for each task requires immense amounts
of data, computational resources, and time. Consequently, we em-
ployed a pre-trained LLM (i.e., GPT-3.5) to address this multifaceted
NLP challenge because it permits exible pipeline assembly through
iterative prompt engineering]5 62 99. Such exibility aligns well

with our primary objective: not necessarily to attain peak perfor-
mance but to investigate the viability of a fully automated fact-
checking pipeline, formulate logical, coherent steps, and garner
insights that can inform subsequent end-to-end optimization.

initial trial-and-error phase 23, we adopted the notion of LLM-
chaining proposed by Wu et a]104. Rather than burdening the
LLM with the end task of generating data fact speci cations directly
from data articles, we split this complex task into smaller, more
tractable sub-tasks. This approach enabled us to build the pipeline
with greater control and transparency of its intermediate steps.
We also use NLTKE3J for sentence tokenization pre-processing.
Figure 2 illustrates the pipeline and brie y explains each step within
it.

S1. Data Claim Detection. This step corresponds to C1 in our
framework. We use GPT-3.5 to classify tokenized sentences as either
a “data claim' or not, guided by our task description and examples.

S2 & S3. Compound Claim Classification and Decomposi-

tion. These two steps address the potential presence of compound
claims (F1). We rst ask the model to distinguish if a data claim is a
“single' or ‘compound’ claim (S2). The compound claims are subse-
quently decomposed into distinct data facts while the single claims
are kept intact, ultimately producing a list of decomposed data
fact dictionaries (S3). These dictionaries contain both the original
sentence strings and the decomposed data fact strings.

S4 & S5. Coreference and Ellipsis Resolution. Addressing F3&4,
for each data fact string, we instruct GPT to conduct coreference
resolution (i.e., replacing pronouns with entities in the dataset) and
ellipsis resolution (identifying and restoring omitted information,
e.g., year=2023, based on the context of the input data document.

S6. Data Fact Classification. This step classi es each single claim
as one of the ten data fact types. For the prompt, we provide a task
description for classi cation along with our de nitions of each data
fact type, supplementing de nitions with speci c examples.

S7. Fact Specification Transformation. Next, we instruct GPT

to convert the data fact strings into a type-speci ¢ JSON speci ca-
tion (Table 2). The JSON speci cations are designed to capture the
necessary key-value pairs for fact-checking claims that belong to
the matching type. In this step, the attribute names of the reference
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Fact Types Claim Examples JSON speci cations
Value TheaveragelMDB score forhorror movies re-  {"measure™:  IMDB score, ‘"value": 6.7 "aggregation": ,
leased in2020 is6.7. "subspace”: [ ) 1) “identifier_key": movies }
In 2013 Christopher Nolan's Ims comprised  {"measure™: gross, "value": 34.8%, "focus"™ [
Proportion  34.8% of the totajross fomovies with anlMDb ] "subspace™ [ 3 1
scoreover 7. “identifier_key": movies }
Trend FromMarch2020 toMlarch2021, thenumberof  {"measure™: case, "value™ increase, "subspace": [
ren COVID-19cases in theJS showed aincrease. 1 1 B
Extreme Glerlivet 18 has thehighest rating among  {'measure”: rating , "value":  max, “focus™ [ 1,
whiskies originating fromScotand. "subspace”: [ 1; “identifier_key": whiskies }
Among players in point guardsposition who  {"measure”: ~ 3PA, ‘value": 4, “focus": | I,
Rank playedmorethan 60games in2023TraeYoung  "subspace": [ ) ) s
is ranked4th in three-point attempts . “identifier_key": players }
Association There's gpogtive comrelation between anovie's  {"measure_x":  budget, "measure_y"  gross, ‘"value™: positive ,
budget and itsgross earnings. “identifier_key": movies }
' During the 2019NBA seaon, JamesHarden  {"measure™: points , "value": 6.1, "focus_x": ,
Di erence outscoredStepherCurry by 6.1points. “focus_y": /1"subspace”: [ W
.. There aresevermovies thathave atMDbscore  {"value™: = 7, "subspace": [ : 1
Categorization gyer g and agrossof morethan 300million. “identifier_key": movies }
Distribution Theacceptancerates ofcolleges follow aight-  {*measure": acceptance rates “value™ right-skew distribution ,
skewdistri bution . “identifier_key": colleges}
Outlier The movie Opperheimer has agross that's {*measure”:  gross, “focus": '} "subspace”:
uth quite the outlier amondhistorical biopic. [ 1, "identifier_key": movies }

Table 2: Examples of the 10 data fact types along with the corresponding JSON output from our LLM pipeline.

dataset are provided in the prompt as contextual information to representations for demonstrating data evidence (C5) and interac-
improve Aletheids ability to accurately parse the semantics. tions to support actions from practitioners (C6).

4.1.3 Veracity Determination . Utilizing the JSON speci cations ~ 4.2.1 Designing Data Evidence Representafiaisting research
derived fromS7, Aletheiaretrieves relevant data evidence from  lacks comprehensive guidance on e ectively presenting data evi-
the provided reference dataset and computes precise values baseddence. Thus, our main objective is to explore the design space for
on the speci ed data aggregation and operations. Speci cally, for 'epresenting data evidence. We speci cally focus on two common
objective value-based fact types, includimglue, rank, proportion, ~ aPproaches: data tables and visualization charts. Data tables, as a
extreme, di erencandcategorizatiopAletheiadirectly compares conventional and widely accessible form of data representation in

the claimed valu¢o the actual valueFortrend Aletheiais restricted ~ the data fact-checking work ow, serve as a baseline. Visualization
to comparing only the two end values within a given timeframe. ~ charts, known for their capacity to handle larger datasets, improve
For other fact types (i.equtlier, association, distributiprletheia readability [45], and enhance human cognition through rapid per-

employs established mathematical calculations and rules to evaluate ¢eptual inference and pattern recognitio2j, may o er a more
veracity. Foroutlier detection, the interquartile range is applied € cient means of presenting data evidence. We propose designs
to identify univariate outliers, while covariance matrix is used for data table and visualization chart representations tailored to 13
to detect bivariate outliers. The Pearson correlation coe cientis ~ Subcategories derived from 10 data fact typestue (mean)value
used to assessssociationand the skewness formula is applied to (median)value (sum)proportiontrend extremerank, association
determine whether alistributionis left- or right-skewed.

4.2 Designing Aletheia's Interface

Once the veracity is determined and the supporting data evidence gies counter cognitive biases (e.89). We engaged in an iterative

is obtained, the results must be e ectively communicated to the design process with active participation from two authors and feed-
audience, substantiating the verdict with interpretable evidence back from a senior visualization researcher. Details of our design
and explanations, and empowering practitioners to act upon these choices and the corresponding illustrations for both the data tables
insights. This section addresses this challenge by designing visual and the visualizations are available in the Appendix A. Further

di erence categorizatiopdistribution 1-D outlier and2-D outlier

To develop these designs for data fact-checking, we identi ed
the following three design goals. Our designs are also informed
by literature on foundational visualization value2§ and strate-
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Figure 3: Aletheia's interface. Users enter textual content and select/upload a reference datasetin Input View (A) . The backend
then detects data claims, retrieves corresponding data evidence, and veri es them. The fact-checking results are presented

in Result View (B), utilizing color codings to signify their verdicts: , and . Users click on
the highlighted data claims to access the Evidence View (C) This view contalns the deS|gned data evidence presentation and
interactions.

design details and enlarged versions are available in the supplemen- judgment. Given that both the verdict and the representation pro-

tary materials. vided are rooted in the same data evidence, we posit that a represen-
) ) o o tation that boosts viewers' con dence can also enhance their trust
DGL1. Ensure alignment with the original data insights con- in the system's ability to retrieve accurate evidence and process it

veyed by the data claim. Each data fact type inherently provides  appropriately. We rst ensure the transparency of data operations
a unique insight. For exampl&ank(Figure 8 V7) highlights anen-  either by incorporatingoperation widgetgigure 3 C1) or directly
tity's position within a group. E ective veri cation of the accuracy  through visual encodings. Next, we emphasize the presentation of
necessitates that the evidence representation not only corresponds individual data points, aiming to provide an overview of the data
with the insight (e.g., the particular rankg8th’) but also encapsu-  gistribution that allows for a “sanity check.

lates the scope of the relevant data (e.g., a sorted list that includes

the rank). Similarly, &Categorizatioriact (Figure 8 V10) indicates  4.2.2 Interface Desigim addition to designing evidence represen-
an entity's a liation with a subset of entities. Thus, the design  tations, we explore the feasibility of integrating them into an interac-
should display the entity, the intersection, and the inclusion crite- tive application along with our proposed fact-checking framework.
ria. The variety of insight types emphasizes the need for customized We envision a scenario where authors must verify and rectify inac-
representations tailored to speci ¢ data fact types or subtypes. curate data claims, and thus propose three key design requirements:

DG2. Streamline viewers' analysis of data evidence, facili- DR1. Facilitate rapid reviewing and correction of erroneous

tating quicker judgments. E ciency is key in designing data claims. Upon receiving fact-checking results, authors naturally
evidence presentations for fact-checking, as it could enhance pro- want to review the verdicts and supporting data evidence. This
fessionals' productivity and increase general readers' adoption. To review allows them to decide whether to trust the results and take
achieve this goal, we embraced three key design approaches. First,action, e.g., to correct inaccuracies in the data claim. Thus, an inter-
we display only the relevant data segments, eliminating the need active system should streamline the review and revision process.
to sift through the full dataset. Second, we highlight and annotate

salient elements, especially data points mentioned in the claim. DR2. Enable user intervention for Al mistakes. Al mistakes
Third, for claims involving derived statistics, we automate data op- May occur when GPT incorrectly infers the data subspace or corefer-

erations and computation to directly show the summary statistics. €nces (S4&5), especially when keywords are missing or ambiguous
in the data claim. Also, GPT may incorrectly parse a focused at-

DG3. Bolster viewers' confidence in their assessments. An- tribute (S7). Under these circumstances, it is critical to incorporate
other critical element we emphasize is viewers' con dence in their  human supervision and intervention for enhanced reliability.
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