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source text
Physical Exam: Patient appears fatigued. Weight:

Neck: Mild cervical lymphadenopathy without
pavigelnErell. L ungs: Clear. Cor: S1,S2 normal
without gallops or rubs, 11/VI systolic ejection
murmur at the apex. Abdomen: Non-tender,
without organomegaly. Extremities: No edema.

Figure 1: Interacting with a traceable text. We call an Al-generated summary with backlinks to a source text a “traceable text.” Pictured
is the kind of traceable text we studied in this paper. The generated summary is augmented with phrase-level links (e.g., “mildly swollen
neck glands”) to corresponding passages in a source text (e.g., “Neck: Mild cervical lymphadenopathy without thyromegaly”). The links help
a reader to check the veracity of a passage in a summary and also offer an index into the source text if the reader wishes to learn more.

ABSTRACT

As Al-generated texts proliferate, how can people better understand
the veracity of these texts? One increasingly common solution is
linking Al-generated text to the sources from which they were
derived. We call this design pattern traceable text. In this paper, we
present a usability study of the effects of a traceable text on reading
an Al-generated summary alongside a source document. We focus
on a variant of traceable text that we expect to be increasingly
common and general: phrase-level links from summary to source
texts. With the traceable text, readers answered questions about
the source text more quickly and more accurately when generated
summaries contained hallucinations. In an open-ended task, partici-
pants used traceable text to aid understanding and to index into the
texts. We define a broader design space of traceable text informed
by examples in the literature.
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1 INTRODUCTION

Advances in natural language processing (NLP) have significantly
transformed the landscape of text simplification and summariza-
tion tasks, enabling Al models to distill complex information into
more accessible and concise forms. From medical text [10] to legal
documents [24], scientific literature [8] to online documents [40],
interest is mounting in using Al to generate summaries to help
users quickly understand the essence of lengthy, complicated texts.
However, the convenience of summaries does not always eliminate
the need for deeper engagement with the source material. Particu-
larly in contexts where accuracy and detail are paramount, such
as medical or legal documents, readers may need to verify the in-
formation in an Al-generated summary or explore a source text
in greater depth. This necessity becomes even more critical when
summaries contain errors, jargon, or misleading information.

To address this challenge, this paper explores how summary-to-
source linkages can help readers engage with generated summaries
and their sources. We term texts with such linkages traceable texts.
We see such texts as potentially helping readers build trust in Al-
generated content and engage more deeply with source texts. To
assess the impact of traceable text on the reading experience, we
conducted a usability study (Section 4). The study uses an instanti-
ation of traceable text we expect to become common: a generated


https://orcid.org/0000-0001-9620-1533
https://orcid.org/0009-0000-6197-3218
https://orcid.org/0000-0002-1523-3347
https://doi.org/10.1145/3706599.3719830
https://doi.org/10.1145/3706599.3719830

summary with phrasal links back to related phrases in the source
text. The study focused on a domain where source texts are complex,
summaries are useful, and hallucinations matter: patients under-
standing their medical records [13, 27]. Participants read medical
records augmented with traceable text and answered questions that
required understanding of summaries and sources.

We found that the traceable text helped readers answer ques-
tions about the content of the source text significantly more quickly.
When answering questions about hallucinatory content, we ob-
served a marked improvement in correctness (from 12.5% to 70%);
when answering questions about verified summaries, there was a
statistically insignificant but noticeable improvement (75% to 90%).
Participants brought their own medical notes for a final open-ended
reading task. They found traceable text useful for understanding
the details of the source note, for quickly locating relevant content,
and for motivating deeper engagement with the source text.

2 BACKGROUND & RELATED WORK

Recent research has explored how to enrich reading experiences
with links from texts to supporting information. Text has been
linked to visualizations [34, 48], data tables [5, 29], code [51], di-
agrams [26], and math formulas [20]. Some of this research, like
ours, has observed that modern LLMs can be used to produce these
linkages (e.g., [48, 51]). This prior work highlights a community
interest in supporting holistic reading of complex documents via
lightweight augmentations to those documents. Our work shares
this value and explores the effects of a related interaction primitive
specifically for linking phrases in an Al-generated summary to
corresponding phrases in its source text.

Significant research effort has gone into advancing automatic
text summarization technologies (e.g., [9, 12, 30]). Some of this work
has strived to produce concise textual summaries of specialized,
lengthy documents [2, 8, 49]. Interactive systems have incorporated
such summaries in new ways. For instance, some summaries have
served as an entry point into documents [4, 14]. Other systems have
brought the affordance of dynamic text expansion [6] to generated
document summaries [14]. Relatedly, some systems allow paral-
lel exploration of summary and source content, as in the case of
linked video and crowdsourced summaries [44] and linked videos,
captions, scripts, and plot summaries [43]. Others have allowed
users to participate in the summarization process so that summaries
better reflect individuals’ needs [18, 53]. Our research complements
this work with a tightly-focused exploration of a specific linking
interaction—links from phrases in a summary to relevant passages
in a source text—and how they impact reading experience.

Our work aligns with recent research for helping users verify the
text generated by Als. Prior work has offered new mechanisms for
users to validate Al-generated content, for instance by visualizing
Al assistance involved in writing a document [23], by presenting
suggested edits and evidence to users [31, 36], or by warning au-
thors when an LLM introduces new information within a document
being edited [33]. Additionally, prior work has explored how to
present many LLM responses at once by helping end users gauge
similarities and differences across different outputs [17]. Hennigen
et al. [21] describe a kind of traceable text interaction, where gen-
erated text contains explicit symbolic references to fields present

within a data source. There is established precedent for incorporat-
ing reference links in existing Al systems. Many Al chat platforms,
such as Perplexity Al [45], Microsoft Copilot [41], OpenScholar [3],
and You.com [52], employ academic paper-style citations that link
directly to external sources, enabling users to manually verify the
model’s responses. Some tools also offer additional features. For
instance, the online playground for Olmo [19] uses phrase-level
highlights to cross-check the documents from the training data
that contain exact text matches with the model [37]. Additionally,
Deep Research [42] provides a status bar that outlines intermediate
steps in the output formulation process, allowing users to trace the
model’s logical reasoning and understand why specific references
were selected. The above work sets the stage for our investigation
into traceable text as a means to connect generated summaries and
their source materials for the purposes of reader comprehension
and trust. We explore the effect of a more specific instantiation of
traceable text—phrase-level, summary-source linkages—on readers’
experience with a generated text and its source.

3 TRACEABLE TEXT

3.1 Interaction design

This paper is broadly interested in generated texts that link back to
source materials. We call these traceable texts. Our study focuses on
one instantiation of traceable text: a generated summary that links
its phrases to corresponding passages in a source text. Our instan-
tiation triggers such links on hover: when the reader hovers over a
phrase in the summary text, corresponding passages in the source
text are highlighted (Figure 1). The goal of this design was to help
readers verify content accuracy, identify potential hallucinations,
and dig into the source text. Our prototype included bidirectional
linking: when a modal key is held, the reader can hover over source
passages to see corresponding passages in the summary. With our
design, the method for checking for hallucinations involves looking
at links from generated summary phrases. A hallucinated phrase
will either not be highlighted in the first place (suggesting it may
have no basis in the source text), or it will connect to a related
source passage that could contain refuting evidence.

3.2 Design space

While our study focuses on one kind of traceable text, there are
many ways to provide traceability. Here, we describe how interac-
tive systems already or might provide traceability by articulating a
design space of traceable text. We describe dimensions of traceable
text, alternatives within those dimensions, and highlight where our
prototype fits into the space (Figure 2).

Our work is not the first to describe a design space with this focus.
For instance, Worledge et al. [50] plotted out a spectrum of text
generations from extractive to abstractive, emphasizing the varying
degrees to which each kind of generation supports attribution. We
also draw inspiration (and our “forms of attribution” dimension)
from a design space discussed in a talk by Shen et al. [46]. Below,
we introduce a design space relevant to our framing of traceable
text, along with examples of alternatives from the literature, and
description of where our design fits in the space.



Dimension Alternatives

Granularity Phrase-level

Sentence-level Passage-level Document-level

Modality of source

Text Datatable

Image

Invoking interaction

User-suggested Al-suggested Both

Form of attribution Exact quote

Paraphrase Interpretation

Comprehension scaffolds

Term definition Phrase simplifications Claim veracity

Arity of linkages 1-to-1

1-to-many many-to-1

many-to-many

Figure 2: A design space for traceable text. Alternatives selected for inclusion in our design are highlighted in gray.

Granularity. The first dimension of the design space is granu-
larity. What size of chunks should the generated text be broken
into before linking back to a source? Presumably, the finer grained
the chunk, the more focused readers can be in gathering context
in the linked source relevant to the chunk. Prior work has imple-
mented chunking of links at the granularity of the phrase [21],
sentence [16, 31], passage [14], and document [28, 35].

Modality of source. What mode of source information should the
traceable text link to? In many cases, summaries are generated from
source texts. As such, a traceable text might link into that source
text (as in the case of [31]). When generated texts are based on
other modalities of information (e.g., figures or tables from research
papers, image descriptions), a user might benefit from links into
figures or tables [21, 48] or, more generally, into images.

Invoking interaction. How do the traceability links come to be?
Links could be created on-demand in response to a user request
(e.g., [14]). They could also be generated by an Al [21, 31, 39, 48]—
current production LLM systems such as SearchGPT, You.com, and
Microsoft Copilot also employ Al-generated reference links. Addi-
tionally, systems might support both methods of linking [14, 34].

Form of attribution. How are the source and destination informa-
tion related? Sometimes Al-generated content directly quotes the
source material, so the generated text and source passage are the
same (e.g. [15]). In other cases the Al-generated text is a paraphrase
of the source which aims to retain the original meaning [4, 21, 31].
Finally, the Al-generated content could be an interpretation of the
source text that potentially introduces new information [38].

Comprehension scaffolds. If the source content is difficult to un-
derstand in its own right, what scaffolds does the interface provide
to help readers understand it? If the generated summary is simpler
(as in [39]), the summary itself might serve as a scaffold. Addition-
ally, sources could be annotated with term definitions [4] or in-situ
support for claim verification [33].

Arity of linkages. Lastly, how much fan-out is in the links? Gen-
erated content could be based on more than one passage in the
source. In that case, there could be 1-to-many links from part of the
generated content to multiple source passages (e.g., [4, 23, 28, 31]).
Many commercial LLM systems (e.g. Deep Research, You.com, Mi-
crosoft Copilot) link multiple papers to an Al response [41, 42, 52].

A simpler alternative is for each passage in a generation to link to
one passage in the source (1-to-1, as in [16, 21, 23]). It could also be
possible to provide many-to-1 linkages, where several generated
passages draw upon a single source passage, as well as many-to-
many linkages, where multiple generated passages correspond to
several source passages.

Within this space, we focused on an instantiation of traceable
text that we saw as likely to be generally useful: textual summaries
generated from a source text. We provided phrase-level links be-
cause phrases contained the kinds of claims that we thought users
would want to verify in the texts we focused on. Sites of linking
were chosen by the Al because our tests showed promising accuracy
in automated phrase selection (see Section 3.3).

3.3 Implementation

We implemented our traceable text with LLM prompts that identi-
fied summary-source links and with a React-based UL

Prompting. To identify summary-source links, we used a chain
of prompts. We first summarized the source text using a few-shot
prompt [7, 47] to the OpenAl GPT-4 API [1]. Then, we prompted
the LLM to segment the summary into phrase-level claims. We
requested that these claims be individual verifiable statements, and
that those claims be made as granular as possible. We provided
few-shot examples to steer the LLM to identify as many claims in
the summary as it could. Then, we prompted it once more to relate
the claims to passages in the source text.!

Study interface. To support our study, we developed an interface
that rendered our traceable text. In the interface, the source text and
Al-generated summary were shown in side-by-side panels. Each
summary claim and its corresponding source passage were wrapped
in HTML spans. When the user hovered over a linked span, the
corresponding passage in the other text would be highlighted. Our
implementation was in React. It primarily involved programmatic
text styling and hover-event handling. Since these features are
available in most web frameworks, our implementation would likely
be straightforward to port to other frameworks.

! All prompts appear in the supplemental material.



Preliminary analysis of accuracy. After we used the above ap-
proach to generate summaries and links, we asked clinical informat-
ics fellows to review the accuracy of the phrase links (i.e., whether
they reflected the source text). Accuracy was good, albeit not per-
fect. Of 159 summary-to-source links for 10 source texts, 129 were
completely correct, 18 had “semantic issues,” and 12 were incorrect.
“Semantic issues” occurred when the summary claim lightly di-
verged from the semantics of the source passage.” More concretely,
clinical informatics fellows were instructed to mark sections where
the source text was accurately linked to the summary, but where
they would phrase the linkage differently, and to explain their rea-
soning. For example, one annotator marked a “semantic issue” for
a claim reading ‘sore throat and cough’ linking to ‘rhinopharyngi-
tis’ (a condition that often—but not always—exhibits sore throats
and coughs) in the source note. Incorrect links largely arose due
to hallucinations in the generated summary. They also included
instances where a claim linked to only part of the relevant content
in the source (e.g., only 1 of 2 relevant source sentences).>

A pilot correction workflow. We piloted a correction workflow
wherein we asked domain experts (clinical informatics fellows)
to validate the generated summaries and linkages we used in our
user study (presented to them as commented Microsoft Word doc-
uments), and then propose fixes. This was used to produce the
validated summaries used in Phase 2 of the study. Validation of
source/summary pairs typically took experts 10-25 minutes per
pair.

4 STUDY

We conducted a usability study to address the following questions:

RQ1: How does a traceable text influence how readers notice hal-
lucinations? We posited that participants would more consistently
identify hallucinations in generated summaries when there were
links to related claims in the source text.

RQ2: How do phrase links affect readers’ ability to answer ques-
tions about the source text? We anticipated that the traceable text
would help readers better answer questions about information in
the summary and source note.

RQ3: How do readers use the traceable text? When is it used during
reading? What do readers think it is useful for?

The documents at the center of our study were medical progress
notes—that is, notes that clinicians take during visits with patients.
We choose this document as it was relatable to study participants—
it is a requirement in some countries that patients can access and
read their notes to review details of their care [11]. Furthermore,
progress notes are a document where hallucinations matter, as they
risk misleading patients about their own health information. Finally,
notes are a document where participants could bring documents of
personal interest to them (i.e., their own notes).

2We note that “semantic issues” may have had slightly varying meaning to different
fellows. We asked fellows to look for them without defining “semantic issue” explicitly.
3The license for the n2c2 dataset prohibits us from distributing example notes. However,
we are happy to share indexes of selected notes, and our summaries and questions,
over personal correspondence with readers who have dataset use approval.

4.1 Methods

We recruited 21 participants from several channels. Given the focus
on medical documents, 16 patients were recruited from a university-
affiliated patient and family advisory council. The remaining partic-
ipants were recruited from academic mailing lists and social media
posts. 19 of 21 participants provided demographic information. Of
these, 70% identified as female and the rest (30%) as male. Ages
ranged between 23 and 90 years old, with a median age of 60. When
asked to report their occupation, 7 participants described them-
selves as retired, 4 as graduate students, 2 as educators, 1 as self-
employed, 1 as a finance manager, 1 as an audio engineer. 2 reported
that they were disabled and did not otherwise report their occu-
pation. 1 participant did not report their occupation. Participants
were compensated $35 USD. One participant did not complete the
study and was excluded from quantitative analyses. Our procedure
received ethics review from our institution’s IRB and interviews
were conducted over Zoom. The study followed a within-subjects
design and consisted of three phases.

Phase 1: Summaries with hallucinations. Participants were asked
questions about the source texts and accompanying summaries
where they were made aware the Al-generated summary may con-
tain hallucinations. For half of the questions, participants had ac-
cess to the traceable text; participants were counterbalanced so that
each task was performed with each interface by an equal number
of participants. Questions were designed to be tricky, requiring the
reader to notice and resolve disagreement between the summary
and source text. Participants answered four questions total, each
about a different source/summary pair.

Phase 2: Validated summaries and links. This phase was the same
as Phase 1 (involving four new but similar questions). However,
questions focused only on fully verified summaries and (when
in the traceable text condition) links. The purpose of this phase
was to understand the effect on reading when the generated text
had no hallucination-related issues. Participants were told that all
summaries had been expert-validated.

Phase 3: Unstructured reading time. Participants were given the
remainder of the time (typically 5-10 minutes) to read one of their
own medical notes alongside an Al-generated summary of their
note using the traceable text.* This was intended to better reflect
realistic contexts of use than Phases 1 and 2.

Questions. Questions were written to reflect those readers may
have of their medical notes, including questions about care recom-
mendations [27]. Answers were multi-select with 5 options each
(i.e., all correct options needed to be selected). This was to incen-
tivize readers to more closely review the summary and source text,
rather than stopping after they found one answer in the text.> With

4We collected and processed participants’ notes prior to the study session. All partici-
pants were made aware that their notes (with identifying and sensitive information
manually removed) would be passed into a commercial large language model. All
participants explicitly gave their consent for us to do this.

5 An example question is: “Which tests has the doctor recommended to monitor the
patient’s blood pressure levels? Select all that apply” The answer choices are ECG
requested’, ‘ETT requested’, New values requested for LDL levels’, ‘HbA1c requested’,
and ‘No tests requested’.



this design, participants had a (1/2)° probability of randomly guess-
ing the right answer, or about 3%. Questions and answers were
validated by medical experts (clinical informatics fellows).

Measures. For Phases 1 and 2, we measured the following:

e Correctness — A binary variable indicating whether the par-
ticipant’s response to the question was correct.

o Speed — The number of seconds taken by the participant to
answer the question.

e Difficulty — A five-point Likert scale variable indicating
the participant’s self-assessment of the following prompt: "I
found this task difficult.

e Open Form Responses — Responses obtained both from oral
comments during the study and from open-ended questions
in the final questionnaire.

Stimuli. Source texts were medical notes sampled from the n2c2
NLP Research dataset [32], specifically the 2014 corpus of patients
managing coronary artery disease diagnoses. For Phase 1, sum-
maries were selected that contained real hallucinations from GPT-4.
Two kinds of hallucinations were represented, because they were
the hallucinations that GPT-4 produced.® The first kind of halluci-
nation consisted of contradictions between the summary and the
source text, and the second kind were extrapolations (i.e., claims
that were not necessarily incorrect, though not explicitly entailed by
the source text). These represent both intrinsic and extrinsic halluci-
nations as they are termed in a review of hallucinations [25]. Phase
2 required expert-validated summaries and links. We recruited two
medical experts—clinical informatics fellows, who are also board-

certified primary care physicians—to perform this validation.
Analysis. We compared correctness with and without traceable

text with the y? test, and compared difficulty with the Wilcoxon
unpaired two-sample test. Differences in time were analyzed by
fitting mixed effects models, with reading interface, task number,
and the interaction between them as fixed effects, and participant
ID as a random effect. Statistical significance was assessed using
F-tests with Holm-Bonferroni correction [22] and an « level of .05.
RQ3 was answered following a single-author thematic analysis of
notes taken during study sessions. In reporting results, we refer to
participants with the pseudonyms P1—P21.

5 RESULTS

5.1 RQ1. Impact on noticing hallucinations

Participants more reliably noticed hallucinations in summaries
when answering questions with traceable text. In tasks involving
hallucinations, participants answered correctly 70% of the time
with traceable text, and 12.5% without (y? = 27.3, p = 1.8 X 1077).
They answered questions significantly more quickly, with an av-
erage of 1.8 minutes with traceable text (¢ = 0.8) compared to 2.9
minutes with the baseline (o = 1.0; F = 45.0, p = 3.64 X 10~8). De-
spite answering questions more correctly, there was no statistically
significant difference in self-reported difficulty (W = 919, p = .24).

®To characterize the kinds of hallucinations GPT-4 produces in summaries in this
domain, we generated 34 summaries of medical notes, and asked experts (medical resi-
dents) to review them. They reported that 3 of the summaries contained fabrications—
completely made up information—and 3 included extrapolations—where the model
makes a (potentially correct) interpretation of what was in the source note, but that
interpretation is not in the source note.

5.2 RQ2.Impact on answer correctness

Across all tasks (both with hallucinations and verified texts), par-
ticipants answered questions significantly more correctly when
using traceable text (y? = 22.2, p = 2.4 X 10~%). The difference was
particularly pronounced for questions involving hallucinations (see
Section 5.1). For the questions involving verified summaries, partic-
ipants answered correctly 90% of the time with traceable text, and
75% without, though the difference was not statistically significant
(x? = 3.1, p = .08). Participants answered questions significantly
more quickly with traceable text, taking an average of 1.4 minutes
with traceable text (o = 0.8) versus 2.5 minutes with the baseline
(o0 = 1.0). This difference was statistically significant (F = 95.4,
1.2 X 10719). There was no statistically significant difference in
the self-reported difficulty of completing tasks with traceable text
versus the baseline (W = 3553, p = .22).

5.3 ROQ3. The experience of using traceable text

Participants’ impressions of traceable text were positive. In their
Likert scale feedback after the unstructured reading task, 10 par-
ticipants indicated strong agreement and 10 participants indicated
agreement to the statement “I would use this interface to read my
progress notes in the future” Based on their use in these tasks,
participants described phrase links as “really cool” (P15), “actually
really smart” (P5), and something they “absolutely love” (P10).

Functions of phrase links. Participants found several aspects of
using phrase links valuable. First, the links served as an effective
index into the note. Participants described links as providing “an
entry point to the note” (P6) and something that made them “want
to read the note a little more” (P8).

The links allowed them to “zoom in” on specific phrases within
the source document and subsequently “zoom out” to the summary,
facilitating an understanding of the note’s broader context (P2). P2
described a situation in which they systematically clicked through
all available links in the summary to “verify each statement” in the
note. They emphasized how this helped them feel more confident
in the summary’s accuracy: “Especially when I don’t recognize a
term, I can see exactly where it came from. I know the summary
isn’t making stuff up”” Participants also appreciated having links
from technical terms in the source text to their simplified forms in
the summary (N = 4). P6 highlighted how they could “zoom in” to
the summary starting with the note: “I want to read the doctor’s
note first... but if I see a phrase I don’t understand, I'll click the
link to check how it’s worded in simpler terms in the summary.”
One participant was even able to find an error in their source note
using the phrase links (P15).

Navigation patterns. Some participants (N = 6) read notes with
a summary-first approach, reading through the summary and us-
ing links to refer back to details in the source text. Some of these
participants (N = 3) read through the linked passages exhaustively,
exercising every link. For instance, P3 systematically used summary-
to-source links to cross-check the summary’s statements: “I needed
to be sure the summary was correct. So I'd read a line, click the link,
see if it lines up.” In P2’s words, this allowed them to “highlight
which aspect of the progress note [each claim in the summary]
came from.” Conversely, participants who indicated that they were



more comfortable reading their medical notes (N = 5) followed
a source-first approach, using links to clarify information in the
note. This helped them understand otherwise confusing sections of
the note (P10, P12). P10, for example, started from the source, and
“whenever I hit a phrase I'm unsure about, I jump to the summary
link to see a clearer explanation. It saves me from feeling stuck or
having to Google on my own.” Some participants (N = 2) used both
summary-to-note and note-to-summary links, largely to ensure
completeness and context alignment. For instance, P7 explained
“going back and forth [between summary and source] helps me
feel 'm not missing anything” Altogether, the study revealed that
traceable text is an effective interaction for deepening engagement
with the summary and source document.

6 LIMITATIONS AND FUTURE WORK

Limitations and risks. Our study represents a limited subset of
tasks, involving just one kind of source text, and a narrow kind
of question. Assessing the utility of traceable texts more broadly
requires evaluation on a broader set of tasks of various domains
and levels of complexity and other kinds of traceable texts. Addi-
tional evaluation is needed to explore more nuanced effects of the
traceable text, such as learning and cognitive load. Our work does
not examine adverse effects resulting from traceability features,
like potentially disincentivizing complete reading of a source text.
Additionally, relying on Al models to generate linkages could have
negative effects—if linkages are incorrect, it could lead a reader to
believe a summary claim represents an unrelated source passage,
and thus overestimate the veracity of the claim.

Future Work. Our instantiation of traceable text is only one point
in a broader design space for linking Al-generated summaries to
their sources (see Section 3.2). Prior work has introduced other
points in the space, and future work should continue to flesh out
the space. As Al becomes more capable in understanding and de-
composing other modalities (e.g., figures, tables, imagery), it may
be possible to provide finer-grained linkages into sources of these
other modalities. Additionally, future studies could explore whether
the granularity of linked content (phrase, sentence, etc.) has any
bearing on outcomes like retrieval speed, comprehension, and trust
in the generated text. Finally, as retrieval-augmented generation
approaches continue to develop, traceable texts might be developed
to provide fine-grained linkages into external sources.

In domains where texts inform high-stakes decisions (like health),
it may be critical that the correctness of a traceable text is verified.
We piloted clinician-in-the-loop correction workflow in Section 3.3
that helped us to verify and fix traceable texts. However, at 10-25
minutes per text, it is likely not scalable. In the future, alternative
semi-automatic or crowdsourced approaches may be necessary to
generate verified traceable texts at scale.

7 CONCLUSION

In this paper, we discuss traceable texts. Traceable texts link from
Al-generated texts back to the sources they are based on. We ex-
plore and evaluate an instantiation of traceable text, where an
Al-generated summary of source text is augmented with phrase-
level links to passages in the source text. A usability study showed
this traceable text reduced the amount of time it took for readers to

answer questions involving inspection of the summary and source
text. This effect held particularly when the summary included hal-
lucinations. When readers used traceable text on a personal source
text, they found the links useful for clarifying sections of the source
text. This study provides evidence of the usefulness of traceability
links in helping to verify generated texts.
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