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Abstract

Introduction. We report on an evaluation of the quality of metadata generated
by a general purpose chatbot using items from a community organisation
archive.

Method. We developed an evaluation framework adapting quality dimensions
from prior work and applied it to analyse a sample of 140 Dublin Core metadata
records created by ChatGPT 4o from primary sources drawn from a community
organisation collection, based on informal prompts.

Analysis. Using independent qualitative coders and a peer review process, we
assessed accuracy, conformance, consistency, completeness, objectiveness,
transparency, bias, engagement, meaning and context, understandability, and
provenance.

Results. We found approximately 70% of elements to be accurate. Most records
were substantially complete and objective but often vague. Records exhibited
significant inconsistencies in how ChatGPT completed fields, conformed to the
Dublin Core schema, and interpreted primary sources.

Conclusion. General purpose Al chatbots have the capacity to provide
substantial ‘rough draft’ descriptive records for community collections, even
with minimal prompting. These records require significant human intervention
to ensure quality in terms of completeness, conformance to schema, accuracy,
and meaningfulness to users. We offer insights for organisations and
communities working with Al chatbots for description, along with implications
for broader archival practice.
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Introduction

Vast troves of cultural knowledge are held in analogue primary source collections in community
and institutional archives. Previous research has shown that 70-80% of institutional collections
remain unprocessed, left largely as they arrived at a given archive, and are not discoverable on the
web (Prudhomme & Compton, 2020; Bucciferro, 2008; Greene and Meissner, 2005; Panitch, 2000;
Marsh, 2019). By some estimates, 98-99% of collections remain undigitised (Weissner 2024). The
labor required for digitisation and description present an overwhelming obstacle to making most
collections accessible online. This challenge is most acute for small institutions and community
archives. Generative artificial intelligence (Al) offers an opportunity to make analogue collections
more discoverable through augmented approaches to metadata creation, to meet longstanding,
widespread community needs.

This paper undertakes a qualitative evaluation of metadata produced by ChatGPT 40 (OpenAl,
2022) for a community organisation’s archive. Small institutions and community-based
repositories steward invaluable community histories and knowledge, often relying on small staff
and volunteers, borrowed space, and minimal resources. These groups often conduct their work
without access to significant computing resources or the rapidly evolving expertise required to
train Al for special purposes or deploy it programmatically. This study therefore explores the use
of an openly and freely accessible Al chatbot, in line with the resources accessible to many
community archives and under-resourced cultural institutions. The goal of this study is to
determine whether a general-purpose Al chatbot may represent a useful addition to the workflow
of a community archive, given the quality of metadata it produces with informal, inexpert
prompting.

In prior work, we asked ChatGPT to generate metadata for a collection of 140 digitised objects—
mainly PDF and JPEG files representing a wide range of paper documents, photos, and other
artifacts—from the National 4-H Council History Preservation Team (4-H History Preservation
Program, n.d.). This collection, gathered and maintained by a group of volunteers, reflects the 120-
year history of 4-H (4-H, n.d.), the largest youth development organisation in the United States. In
this paper we conduct a qualitative evaluation of the content of the resulting records. The
evaluation relies on a qualitative coding framework adapted from several prior metadata quality
frameworks and builds upon the convergent bodies of work on evaluating human-generated
metadata and machine learning and Al outputs (Brzustowicz, 2023; Taniguchi, 2024; Zavalin &
Zavalina, 2025).

This study is one phase of a larger project, ‘linking anthropology’s data and archives’ (NSF Cultural
Anthropology, #2314762), exploring sustainable infrastructures for making data from
anthropological, Native, and Indigenous collections more accessible to communities of origin. The
collection studied in this paper, however, is not a Native or Indigenous collection, but rather the
digital archive of a community organisation. We started with a community archive to mirror the
resource conditions confronting many anthropological archives, but to avoid experimenting with
culturally sensitive materials until we have an established sense of pitfalls. Our ongoing research
continues this study in partnership with anthropological collections of Native and Indigenous
materials and their community representatives.
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Prior work

Al in cultural heritage

In light of the enormous backlogs confronting description and processing in most cultural
institutions (Prudhomme & Compton, 2020), work on using Al tools for collections processing and
description is a burgeoning research area. Al tools have been applied to generate image captions
and alt-text (Berger, 2024; Mannisto et al, 2022; Marinescu et al., 2020); metadata, subject terms,
and entity recognition (Brador, 2024; Carter et al., 2022; Magnus et al., 2025; Sun et al., 2025;
Suominen, 2019); digital facsimiles and structured transcriptions (Nockels et al., 2022; Pepper et
al., 2024; Hosseini et al., 2022); and new ancillary research datasets (Yu et al., 2024). Dedicated tools
are proliferating both within extant professional applications and as new, bespoke platforms such
as JSTOR’s Seeklight (JSTOR, n.d.; Society for American Archivists, n.d.), CatalogerGPT (Taniguchi,
2024), and Alma’s Al Metadata Assistant (Ex Libris, n.d.).

Recent work has explored the application of Al to reparative processes for human-generated
metadata. In a user study of Anthropic’s Claude model, Roke (2025) found the Al capable of flagging
bias in existing records and supporting updates to original language. This study found that human
users preferred machine- and hybrid-generated metadata over human-generated content, citing
its increased context, specificity, and comprehensiveness (Roke, 2025). An expanded study
evaluated the interpretive abilities of three further large language models (LLMs) to assist human
judgment processes as part of reparative description workflows (Osti & Roke, 2024). Despite
limited training and even without access to original primary sources, LLMs showed capacity to
identify gaps, harmful language, and latent context in original records (Osti & Roke, 2024). Their
findings, joining a growing consensus in the cultural heritage community, suggest promise for
hybrid human-AI workflows in metadata creation and remediation.

Significant ethical concerns attend the use of Al in cultural heritage. The environmental impact of
LLMs is potentially devastating (Crawford, 2024; Kneese, 2024; Kneese & Young, 2024; Rotman,
2025). Environmental costs disproportionately affect marginalised communities (Kneese, 2023;
Kneese & Young, 2024; Temple, 2025). Calls for increased transparency and governance around Al
energy use and research on using smaller models with less environmental impact, improving
training and inference efficiency, and integrating renewable energy sources is growing, but
remains too nascent to alleviate environmental concerns around Al use. In addition, there are
ethical concerns around how data used in training are and were collected, including through
cultural theft (Mollema, 2024; Sundararasan, 2024; Walter and Russo Carroll, 2020) what
information LLMs make visible (Widder & Kneese, 2025;); and the precarious labor conditions of
those who train Al (Jaillant & Aske, 2024; Kneese, 2023; Meaker, 2023; Wen, 2014). The adoption of
Al for cultural heritage metadata is not without potential harm, though research and practice in
this area (including this study) represent an infinitesimal sliver of Al's overall impact as Al
integrations are increasingly ubiquitous and LLMs now field billions of queries daily. Given their
demonstrable potential to improve description and therefore access (Fenlon et al., 2025; Jaillant et
al., 2025; Osti & Roke, 2024; Ray et al., 2025; Roke, 2025), Al may offer a singular opportunity to
provide meaningful access to collections for many under-resourced communities.

Metadata quality assessment

We build upon a large body of prior work on evaluating metadata quality, generally focused on
human-generated metadata. Metadata quality assessment addresses both semantic and syntactic
aspects (Bruce & Hillmann, 2004, p. 9), though in this paper we are focused on semantic evaluation.
In practice, assessing quality can be challenging due to resource constraints, the diverse
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backgrounds of those implementing metadata, and the variety of materials that metadata describe
(Bruce & Hillmann, 2004). Stvilia and Gasser (2008) found that repositories and end-users could
have different models of metadata quality, so a single quality assessment may not reflect quality
for different groups and uses of metadata.

This study adapts several prior frameworks for metadata assessment, including the ALA Metadata
Assessment Framework (Metadata Schema Assessment Framework, n.d.), Data Europa’s Metadata
Quality Assessment (Metadata Quality, n.d.), the DLF Metadata Assessment Framework and
Guidance (Metadata Assessment Framework and Guidance, n.d.), and Europeana Report and
Recommendations from the Task Force on Metadata Quality (Report and Recommendations from
the Task Force on Metadata Quality, 2013). These frameworks have built on one another to
encompass a wide range of ‘dimensions’ for assessment, including relevance, accuracy, timeliness,
accessibility, interpretability, coherence, completeness, conformance to expectations,
provenance, logical consistency, timeliness, accessibility, and more (Bruce & Hillmann, 2004).
Margaritopoulos et al. (2012) draw on how courts of law define the quality of a witness statement,
in terms of ‘the truth, the whole truth, and nothing but the truth’ — corresponding to correctness,
completeness, and relevance. In our methods section, we explain how we identified and adapted
dimensions from various frameworks. These dimensions are core to most evaluations of metadata
quality in practice (Park & Tosaka, 2010). Further work has identified quantitative metrics and
logic-based techniques for computational analysis of quality (Margaritopoulos et al., 2012; Gavrilis
et al., 2015; Stvilia & Gasser, 2008), but we took a primarily qualitative approach in this study, in
light of the expected idiosyncrasies introduced by Al-generated metadata that would be difficult
to capture and assess quantitatively.

Al-generated metadata quality

Work on assessing Al-generated metadata quality emerges from a long tradition of evaluating
machine learning and Al systems. Many decades of work on ‘benchmarking’, or comparatively
evaluating the outputs of algorithms against agreed-upon protocols or metrics, are now being
adapted to evaluate the reasoning and accuracy of LLMs. However, these remain too general to
assess context-specific tasks such as metadata generation in archival contexts (Hutchinson et al.,
2022; Kugler 2025, p. 16; Raji et al. 2021). Our study aims to meet a need for context-specific,
human-centered approaches to Al evaluation (Havens et al., 2025).

Because LLMs are designed to provide outputs based on linguistic likelihood rather than
truthfulness or accuracy (Fisher 2024, Hicks et al. 2024) and because their training data are known
to be problematic in terms of representation and bias (Birhane et al. 2023; Ciecko, 2020; Foka et
al., 2025; Hoffman et al., 2024), questions around metadata evaluation are particularly acute for
cultural institutions as trusted stewards of cultural knowledge. Many metadata quality
assessments are geared toward assessing the quality of human-generated metadata, but
automated approaches to creating and evaluating metadata are not new (Greenberg, 2005; Zavalin
& Zavalina, 2025). Much of this literature suggests a growing consensus that LLMs can improve
processes in terms of efficiency and comprehensiveness of description, but require significant
human oversight (Brzustowicz, 2023; Chow et al., 2024; Taniguchi, 2024; Zavalin & Zavalina, 2025).

Zavalin and Zavalina (2025) assessed the quality of metadata output across four standards (Dublin
Core, MODS, MARC, and BIBFRAME) and three generative Al tools (ChatGPT, Gemini, and Gemini
Advanced). Assessing quality based on accuracy and completeness, they found that overall, Al
generated metadata ‘does not meet basic functional expectations’ for metadata, though ChatGPT
had better completeness outcomes than Gemini and Gemini Advanced. Taniguchi (2024) compared
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ChatGPT-generated MARC 21 records to human-generated records for the same items finding that
ChatGPT had promise and could assist human cataloguers but that it struggled with ‘complex
bibliographic patterns and nuanced cataloguing rules’ (p. 544). Breeding (2023) tested ChatGPT for
creating a MARC record for one book and found that although title and author were correct, no
other elements were reliably correct (p. 18). Brzustowicz (2023) used ChatGPT to generate MARC
records in RDA and Dublin Core finding that ChatGPT can generate accurate records conforming
to multiple metadata standards, for items in various formats and languages, and found that
ChatGPT could accurately and efficiently extract essential metadata elements (p. 4). However,
Brzustowicz recogises that even with this accuracy, any records generated by an LLM need review
by human cataloguers to mitigate bias of the training data and mitigate the risks of copyright
infringement, authorship misattribution, and disclosure of sensitive information (2023, p. 6).

Taniguchi (2024) asked ChatGPT to create MARC records for 105 different information sources,
including books, maps, recordings, and sheet music, that already had MARC records (pulling from
Maxwell’s Handbook for RDA by Robert L. Maxwell). Although these items already had MARC
records, Taniguchi used a ‘zero-shot’ approach with ChatGPT asking that it create a MARC record
based only on the information source they scanned, not providing the existing MARC record.
Brzustowicz (2023) assessed Al-generated metadata quality for six different items, providing the
Al with only the source’s title. An example prompt from Brzustowicz (2023) is ‘Can you generate a
MARC record using RDA for Mood Rings’ 2013 single ‘Pathos Y Lagrimas.’ Five of six of these items
had an existing MARC record. The sixth item was ‘specifically chosen to test ChatGPT’s ability to
generate an original record’ (Brzustowicz 2023, p. 2). This sixth item most closely parallels our
collection of unprocessed items and our project goal in understanding ChatGPT’s ability to create
original metadata records.

Our study builds on prior work by evaluating a larger collection of materials than was assessed in
most other studies and focusing on a community archives context with minimal prompting.

Methods

In an earlier phase of this study, we used ChatGPT to generate item-level Dublin Core records (as
well as transcripts and other data outputs) for 140 items from the 4-H collection, using a series of
informal and dialogic prompts. Our sample size was constrained by the size of our research team
and restrictions set by the free version of ChatGPT 4o, which limited users to 20 file uploads. The
methods used to generate metadata are described fully in Fenlon et al. (2025). Our research team
comprised non-expert Al users with varying degrees of expertise in relation to metadata schemas
and technologies. We did not deploy systematised prompts because the goal of this work was not
to evaluate Al effectiveness under ideal conditions or with optimised prompting, but instead in the
context of intuitive use—how people without Al training or expertise in community contexts
interact with the chatbot intuitively. Metadata records were added to a custom-built Airtable
cloud-based relational database to support qualitative analysis by a team of coders.

We developed an evaluation framework by adapting dimensions of quality defined in many prior
frameworks for evaluating the quality of metadata (Metadata Assessment Framework and Guidance,
n.d.; Metadata Quality, n.d.; Report and Recommendations from the Task Force on Metadata Quality,
2013; Huang et al., 2016), metadata schemas (Metadata Schema Assessment Framework, n.d.), linked
data (Zaveri et al., 2015), and data produced by Al (Dilmegani, 2025; Implementing Australia’s Al
Ethics Principles in Government, 2024; Schwabe et al., 2024). We also used existing scoping reviews
on metadata quality frameworks to understand patterns and commonalities across such
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frameworks (Kumar et al., 2025). The research team gathered and conducted a systematic
comparison of prior frameworks and areas in which they overlap. Based on this analysis, and after
merging overlapping dimensions, we identified a set of dimensions for analysis given in Table 1. We
define selected dimensions in relevant sections of ‘Findings’, below. Our codebook included each
dimension with its original definition as given in prior frameworks (see Table 1), quantitative
indicators of certain dimensions (Table 2), and an adapted set of prompts for our coders to guide

consistent interpretation.

e DLF Metadata Assessment Framework and Guidance
(n.d)
o DLF Inclusive Metadata Toolkit (Huang et al., 2016)

Accuracy Objectiveness

e DLF Metadata Assessment Framework and Guidance Kiraly, P. (2018). Metadata quality in cultural
(nd) heritage institutions. Workshop on FAIR

o DLF Inclusive Metadata Toolkit (Huang et al., 2016) Principles for Digital Research Data

o Data Europa (Metadata Quality, n.d.) Management.

Consistent Representation/Consistency Provenance

e DLF Metadata Assessment Framework and
Guidance (n.d.)

Completeness
e DLF Metadata Assessment Framework and Guidance

(n.d.)

o Kiraly, P. (2018). Metadata quality in cultural heritage
institutions. Workshop on FAIR Principles for Digital
Research Data Management.

Transparency, Bias, and Engagement
e ALA Core Metadata Standards Committee

Metadata Schema Assessment Framework
(2024)

Meaning and Context Understandability
o Europeana Report and Recommendations from the Task DLF Metadata Assessment Framework and
Force on Metadata Quality (2013) Guidance (n.d.)
DLF Inclusive Metadata Toolkit (Huang et
al,, 2016)
Conformance

(Novel contribution)

Table 1. Dimensions of quality and frameworks from which they were adapted.

Using this codebook, each of the 140 records was assessed by one of five independent coders. Early
in the coding process, an independent second coder conducted peer review of 40 records
(approximately one third of the sample). Following the peer review exercise, the coding team
discussed their observations and came to a shared understanding of the meaning and application
of each code before completing coding. In parallel to this manual, qualitative analysis of metadata
contents, we undertook a separate computational analysis of completeness and conformance to
syntax standards. However, the evaluation reported in this paper does not take syntactical aspects
of completeness and conformance into account.

Findings
In part because our team took an intentionally informal approach to prompting, the records
demonstrate variety in their syntax and representation. Our dataset includes 95 records expressed
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as Dublin Core XML, 37 expressed as simple, plain text lists of elements and values, and 8 expressed
in JSON. Most of the plain text records ChatGPT created would readily convert to structured
representations, while several (7) lacked punctuation or other syntactical elements that would
support automatic conversion into, for example, JSON, XML, or CSV. Sometimes ChatGPT provided
the Dublin Core record in an RDF wrapper. We could discern no pattern to when ChatGPT
represented records in different ways. This evaluation does not consider aspects of syntax but
focuses on the values or contents of Dublin Core metadata elements. Below we report selected
results of our assessment, especially in relation to completeness, accuracy, conformance to the
Dublin Core schema, objectiveness, transparency, meaning and contextuality, and provenance.

Quantitative indicators of completeness and accuracy
Our definition of ‘completeness’ was based on the Digital Library Federation (Huang et al. 2016) and

Kiraly (2018): ‘The element, property, and/or attribute is present. Number of metadata elements
filled out.” We refined this for qualitative assessment by prompting coders with questions like:

To what extent or how is the record complete (or incomplete), both in the sense of
the extent or number of elements it uses to describe a primary source, and how fully
or completely it describes each element? How fully described is it?

Our interpretation aligns with definitions of completeness and accuracy used in prior work
(Aljalahmah & Zavalina, 2024; Zavalin & Zavalina, 2023; Zavalina & Burke, 2021). In addition to
analysing completeness qualitatively, we identified four indicators of completeness that are
countable:

e The total number of elements used in each record;

o The number of unique or distinct elements used in each record;

« The total number of elements given as ‘unknown’, ‘unspecified’, ‘N /A’, or left blank;

o The number of ‘unknowns’ that a human rater judged to be correct or accurate to the
primary source (as opposed to ‘unknowns’ that indicated a mistake).

Our definition of ‘accuracy’ was based on the definition from Kiraly (2018): ‘data correspond to the
resource that is being described.” We refined this for qualitative assessment by prompting coders
with: ‘To what extent and how are the metadata in the Dublin Core record accurate (or not) to the
primary source being described?’ As a quantitative indicator of accuracy, we counted the number
of elements judged by our coders to be accurate to the primary source.
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Quantitative indicators Results (n=140 records)

Indicators of completeness

Average number of elements in each record 14 per record
Average number of ‘unknown’ elements 1.49 per record
Mean correct ‘unknown’ elements 81.02%

Median correct ‘unknown’ elements 100%

Indicators of accuracy

Mean accuracy of elements 69.55%

Median accuracy of elements 71.42%

Table 2. Quantitative indicators of completeness and accuracy.

In most records, ChatGPT used all or most of the 15 original Dublin Core elements (originally
defined in the ‘elements’ namespace). In just a few instances, ChatGPT drew on terms unique to
the extended ‘terms’ namespace, such as audience or extent. (It more frequently used the ‘terms’
prefix while relying on the core set of 15 terms that exist in both namespaces.) The average number
of elements for records that had one or more ‘unknown’ elements was 14.4 while the average
number of elements for records with no unknowns was slightly lower at 13.75. This may be because
ChatGPT sometimes omitted elements it did not know. A little over half of the records (75 out of
140) contained one or more ‘unknown’ elements. In 52 of those, ChatGPT correctly identified most
or all unknown elements for an item. The mean and median accuracy of each record was around
70%, so a 15-element record had 10 or 11 accurate element values. Records with no unknown values
had the same average accuracy as records that had one or more unknowns (69.6%).

Completeness

In addition to the quantitative indicators of completeness, we assessed completeness qualitatively.
Most records were relatively complete in the strict sense of having a reasonable number of
elements with values. Sometimes, ChatGPT provided overly complete metadata records despite a
lack of information. One primary source, a document without any context, contained only the
words, ‘4-H / For Youth / For America’. ChatGPT created a Dublin Core record of 15 elements for
this item, with four unknowns, and only one of those unknowns was judged to be incorrect.
However, many elements had vague or less than helpful values.

The elements contributor, creator, rights, date, and publisher were most frequently cited as
unknown. The rights element was most likely to be correctly marked as unknown because ChatGPT
could not derive such meta or contextual information directly from primary sources, and we did
not include that information in our prompts.

Rather than mark an element as unknown, ChatGPT would sometimes create template or
placeholder values with guidance for a human curator, or it would omit elements entirely. Sixty-
four items (45%) had fewer than 15 elements, suggesting that ChatGPT left out unknowns. The
metadata record created for Item #110 contained multiple placeholder elements such as ‘Date:
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[Insert estimated date, if available, e.g., 1950s or 1960s] and ‘Relation: [Optional: Could link to related
items, e.g., other 4-H promotional materials]. However, ChatGPT would inexplicably omit elements
when the values were evident to a human curator or were inferable, judging by ChatGPT’s previous
inferences. In multiple cases, this incompleteness seemed to be caused by ChatGPT’s
unpredictable determination about how and when to use what it termed ‘OCR’ to recognise and
interpret text content. For example, one 56-page text document (item #44) had the potential for
a robust record but included a paltry 2-sentence description. In another case, ChatGPT seemed to
use OCR to correctly summarise a long text document (item #55) in the description field, but then
did not leverage that information to complete other possible fields in the same record.

Accuracy
As noted above, the records achieved an average 70% accuracy rating, in terms of the number of

elements that were technically correct according to human judgment. However, this rating belies
many cases in which element values were so vague that they verged on being unhelpful. For
example, the creator listed for item #96 ‘4-H Subcommittee Meeting Minutes’ was ‘4-H
Subcommittee’ but the item names a more specific individual creator.

Our qualitative accuracy observations revealed that ChatGPT often extracted or inferred
information from the item’s filename in addition to the content of the primary source. Many
filenames in this collection included descriptive or title information, or indicators of the date of
digitisation. There was no discernible pattern to when ChatGPT elected to use information from
filename versus the content of the file. Sometimes ChatGPT used information from the filename
when equivalent information was not discernible from the item’s content; sometimes it used
filename information instead of information available in the content; and sometimes it ignored
filename information even when it might have added critical context to an item.

For example, ChatGPT often pulled date values from filenames—usually when dates were not
provided in the item. ChatGPT correctly interpreted ‘fa24’ in a filename as referring to the fall
semester of 2024, for example, adding that value as the date, but its presumptions were often
incorrect. The date of digitisation was rarely the best date to include for an item and was
sometimes used in place of a readily discernible date of creation.

In one notable case, ChatGPT ignored key format information provided in a filename. ‘Tape.pdf’
constituted a scanned image of a VHS tape. Not recognising the format clue in the filename, and
not recognising the image as a scan of a three-dimensional artifact, ChatGPT made a series of
incorrect descriptive statements, including failing to recognise the name of a historical A/V
production company written on the tape’s cover, ‘The Production Center at Arthur Young,’ and
interpreting ‘Arthur Young' as the human creator of a brochure.

ChatGPT encountered difficulty distinguishing named entities into creator, contributor, and
publisher roles. As many items did not make this information explicit, this confusion is not
surprising. However, in some cases, ChatGPT included all or many names appearing in a document
as contributors when they were simply named entities discussed in an item’s content.

Meta- and collection-level elements such as rights, source, and relation were unsurprisingly most
difficult for ChatGPT to accurately provide, given that we provided items one by one and offered
no high-level context for the collection in our prompts. Rather than mark these elements as
unknown or omit them, ChatGPT frequently conjured believable but inaccurate values. This is a
known tendency of LLMs. For example, ChatGPT described multiple plausible but imaginary
collections of materials to contextualise items in the relation field, such as ‘part of the cooperative
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extensions system reports’ (Item #111) or ‘National 4-H Conference records and publications’ (Item
#138).

Many other inaccuracies were unpredictable. For example, in one item, ChatGPT was able to
recognise the creator and publisher within the content’s handwritten script but missed the nearby
date information. In one case, ChatGPT created a metadata record based on a transcription it had
also created. In this case the transcription was completely inaccurate, including incorrect or
made-up headings and sections of text, contact information, and more. The metadata record was
accurate to the transcription, but the transcription was a fake. Sometimes, ChatGPT simply failed
to follow instructions, and provided an explanation of its behavior in place of the requested
metadata. For example, a subject value in one record was ‘Extracted text from the first page of the
PDF’ (item #67).

Conformance

While prior evaluation frameworks have included dimensions of ‘conformance,” these generally
refer to how well metadata conforms to user expectations or content standards (such as current
subject authorities). Because we are evaluating Al metadata, we adapted the ‘conformance’ factor
to consider to what extent the metadata records conform to the requirements of the Dublin Core
schema or adhere to its recommended practices. In a few records, elements were invented or
drawn from other schemas. One record included a location element (item #104). Another drew
terms from a Schema.org schema, such as the about property to represent subjects (Schema.org,
n.d.).

Almost all records fell short of Dublin Core best practice recommendations in two main ways. First,
all records but one failed to leverage the repeatability of elements, instead lumping multiple values
into one field (such as multiple terms listed within a single subject element). For example, this value
in one coverage field conflated spatial and temporal aspects of coverage into one long statement:
‘Historical events from 1923 to 1927, with reference to activities in multiple U.S. states and Canadian
provinces’. Such conflation might be acceptable in metadata that were generated as informal, plain
text lists of element /value pairs, but this also occurred in records expressed in XML and JSON in
almost every case.

Second, records rarely adhered to Dublin Core’s recommended practices for representing values,
such as the recommendation to use URIs in place of string literals, to draw on controlled
vocabularies for types, subjects, and format, or to format dates in accordance with international
standards. The only apparent authorities deployed in a few scattered records were language codes
(‘en’, occasionally), the DCMI Type Vocabulary (DCMI Metadata Terms, 2020), and IANA Media
Types (MIME Types) (Media Types, 2025), which are explicitly referenced by and hyperlinked within
the Dublin Core documentation.

Most records included subject terms that resembled those a human curator might use. In some
cases, terms were too vague to be helpful. In some cases, the subject field included an overly long
description, verging on a full sentence, e.g., ‘Draft document with comments related to donors,
organisational fundraising, and historical clarifications in the context of National 4-H Council and
other affiliated entities.’

Sometimes ChatGPT seemed to get into a ‘rut’ of creating elements according to a syntactical
pattern, record after record, within a chat session. For example, after successfully creating a
record that used an accurate IANA Media type for its format element (e.g., ‘application/pdf),
ChatGPT went on to mimic the forward-slash syntax of IANA Media Types but using terms that are
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not part of that vocabulary—e.g., ‘text/text document’ and ‘image /scanned document’'—in multiple
subsequent records.

A few records violated Dublin Core’s one-to-one principle, ‘that conceptually distinct entities, such
as a painting and a digital image of the painting, should be described by conceptually distinct
descriptions’ (One-to-One Principle, 2011). For example, in one record, some fields accurately
described the primary source as a conference booklet created by TFYE World Conference
Organising Committee’ (Item #61), while other fields made reference to the ChatGPT-generated
transcription of the PDF booklet: ‘<dc:description>Transcription of the IFYE World Conference 2003
booklet detailing events, programs, and cultural exchanges.</dc:description>" and ‘<dc:format>PDF
Transcription</dc:format>". The booklet and its text transcription are conceptually distinct
entities that should not be described by one record.

Objectiveness and transparency

The evaluation framework judged ‘objectiveness’ by whether ‘values describe the resource in an
unbiased way’ (Kiraly, 2018). We adapted this definition using the following prompts for coding: ‘To
what extent or how is the record objective in its descriptions? Does the record make assumptions
that are or are not warranted based on the primary source, or which suggest value judgments?
Similarly, but separately, we evaluated ‘transparency, bias, and engagement’ (adapting multiple
definitions, but especially drawing on the Metadata Schema Assessment Framework) as the ‘extent
to which metadata schema acknowledges and documents possible bias’. We coded this factor using
the following prompts: ‘To what extent or how does the record acknowledge, document, make explicit
or make transparent its own possible biases or assumptions, or aspects in which the tool has played
an interpretive role?’

Coders found the ChatGPT-generated records demonstrated objectivity, mainly because the LLM
often created metadata using excerpts from text transcriptions in this document-heavy collection.
In a few records, the LLM added value terms, suggesting that a document contained ‘important
information,” for example, without context. ChatGPT sometimes added hedging language to
indicate uncertainty or presumptions, such as ‘appears to be about, ‘likely, and ‘potentially’.
Occasionally ChatGPT attributed the source of a presumption, for example by including the
following parenthetical in a subject field: ‘United States (assumed based on IRS reference)’. In this
way, the ChatGPT occasionally made its decisions or uncertainty explicit. More often, however,
uncertainty, presumptions, and outright inventions were provided without notice.

Meaning and context
We combined multiple categories from prior frameworks in relation to whether metadata make

items meaningful to users or provide adequate contextual information for use (Report and
Recommendations from the Task Force on Metadata Quality, 2013) under the umbrella of ‘Meaning
and Context’. For this factor, we judged to what extent and how the records are made meaningful
to audiences or provide additional contextual information to enrich their meaning and usefulness.

Most records included sufficient information to be meaningful to potential users but rarely
included additional context, with a few exceptions. In one record ChatGPT correctly inferred that
a single reference to ‘Mr. Pressler’ in a scanned image, specifically a JPG representation of a page
from the Congressional Record, referred to ‘Senator Larry Pressler, and included his full name in
the creator and description fields. Occasionally, ChatGPT also correctly interpreted acronyms in
primary sources and spelled them out in the metadata, improving accessibility. For example,
ChatGPT correctly inferred that 'UMCP’ and ‘CES’ referred to the University of Maryland College
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Park Cooperative Extension Service in a document explaining tenure and promotion guidance for
affiliate faculty and included the full terms as well as acronyms in the metadata record. In many
other cases, however, ChatGPT ignored contextual clues, leading to inaccuracies in the metadata
based on poorly founded inferences—such as taking a recent date of digitisation from the filename
and using it as date of creation, even for objects that a human curator would readily recognise as
historical.

Provenance
To assess ‘provenance’ we considered whether records provided any information about their

source (Metadata Assessment Framework and Guidance, n.d.). The majority of records did not
provide any provenance information. Sometimes, a metadata record would include provenance
information for an item but not its metadata, e.g., ‘original physical document scanned into digital
format’ (Item #101). Sometimes ChatGPT included information about from where, within a primary
source document, it obtained a metadata value, e.g., the identifier for Item #21 was given as file
name: B-4.jpg.” On rare occasions, ChatGPT would acknowledge its own role in creating the
metadata. One item’s contributor was given as, ‘OCR processing by ChatGPT’ (item 128).

Discussion

The accuracy of ‘unknown’ elements was surprisingly high (between 80-100% correct) despite the
known tendency of LLMs to guess when uncertain (Kalai et al., 2025; Xiong et al., 2024). When
ChatGPT stated that it did not have sufficient information to complete a record, it was almost
always correct—so the Al was capable of identifying ‘true negatives.” However, ChatGPT was not
reliably expressing uncertainty, leading to a relatively high degree of ‘false positives, or inaccurate
elements.

We did not take a systematic approach to prompting in this study, trying to mimic the practices of
anonexpert user interacting with a chatbot in an informal setting. In addition, our necessarily small
sample limits the generalisability of our findings, as does the ongoing evolution of Al tools.
Nevertheless, our findings shed light on elements of prompts that would make chatbot-generated
metadata more useful. For example, in the future we would explicitly ask the LLM to follow Dublin
Core recommendations for element values and suggest specific openly accessible authorities for
various elements as Zavalin & Zavalina (2025) did. We would provide contextual information about
the collection, including source and rights information, and ask ChatGPT to provide more
contextual information about named entities in records. We could be more explicit about how
ChatGPT handles and expresses uncertainty. We could have asked for records to be expressed in
a particular expression language.

OpenAl and other Al providers and researchers are developing increasingly detailed guidance on
effective, task-specific prompting (see Long et al., 2025; Marvin et al., 2024). Understanding and
adapting more sophisticated prompting protocols could become a technical competency for future
archivists and cultural heritage professionals. More likely, prompts will become enmeshed in
custom tools developed to support professional practice, which are trained on relevant datasets
and designed to gather contextual information without necessitating chatbot dialog. For many
communities and institutions, however, such tools may be out of reach. For those working with
openly accessible models using chatbot dialog, accessible, general prompting guidance and
instruction could go a long way toward improving metadata accuracy.
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Conclusion

Our findings resonate with prior work suggesting that foundational, general-purpose Al chatbots
can provide substantial ‘rough draft’ descriptive metadata records, even with minimal prompting,
achieving a basic accuracy rate of around 70%. These records need significant human intervention
to ensure metadata quality-in terms of completeness, conformance to schema, accuracy, and
meaningfulness—and to prevent unethical disclosures or retention (e.g., of personally identifiable
information or culturally sensitive knowledge). Setting aside the more troublesome questions
about the environmental sustainability and community ramifications of using Al at scale for
cultural collections, from a pragmatic perspective Al would make a useful addition to archival
processing workflows, but it needs item-to-item oversight.

Our study addresses the contradictions embedded in this year’s conference theme of ‘digital
enlightenment.’ The same tools and technologies that offer potential for democratising knowledge
and access have been built on systems that reify societal stratification and disenfranchisement
(Chun, 2004; Wen, 2014; Ziegler 2020). We remain aware of the hazards of technosolutionism and
the reality that Al tools have major impacts on small communities and on the environment
(Crawford, 2024; Kneese, 2024; Kneese and Young, 2024; Rotman, 2025). Training sets have also
shown core biases with major implications for community representation, especially for
marginalised or lesser represented communities (Jaillant and Aske, 2024; Widder and Kneese,
2025). Studies of output quality like this one is essential groundwork for enabling communities to
weigh the risks and benefits of using Al for their own collections, but more research is needed to
engage higher-order questions around cultural authority and sovereignty, private and sensitive
knowledge, and other ethical dimensions of the use of Al

Explainability—the capacity for an Al to explain its own decisions—is a critical component of
trustworthy Al (e.g., Steyvers et al., 2025). Transparency, explanation, and communication have
also been posited as key aspects of ethical, professional archival practice, especially in relation to
data derived from community materials (Ziegler, 2020). Given the extremely unpredictable quality
of metadata generated by ChatGPT, Al tools are not currently well suited to engender trust among
users, particularly in vulnerable community contexts. As we look to the future of these tools and
their development, cultural heritage organisations and professionals can depart from ‘traditional’
tech development cultures and data brokerism to embrace empathy and transparency in
description, collaboration and openness to outside expertise, and active feedback channels to
allow their community-informed cocreation (Ziegler, 2020, lines 32-41).

The next stages of our work will facilitate and study conversations about these processes and tools
with both partner collections and communities as well as organisations designing Al tools and
services for cultural heritage. As Roke (2025) and others have argued, we will need to embrace
human-AI collaboration, in which we collaborate not only with community constituencies and
repositories, but with the tools and tool creators-unless, looking across the evidence about
community and environmental impacts, and as a form of refusal, we decide that the tools and their
benefits are not worth the potential costs.
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