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Abstract

This paper investigates the application of machine learning (ML) to the automatic classification of records and archives, framing it as
a critical challenge in Knowledge Organization (KO). As digitization creates massive volumes of uncategorized data, the following re-
search question arises: how can fundamental archival principles—such as provenance, original order, and hierarchical description—be
translated into this new computational paradigm? This study first synthesizes, based on a multidisciplinary review of archival science,
classification theory, KO, computer science, and information science, a proposal of six fundamental guidelines for the responsible ap-
plication of artificial intelligence (AI) in records and archives. These guidelines connect traditional archival theory with the modern
imperatives of trustworthy and explainable AI. Second, we conduct a comparative analysis of 24 published ML experiments, assessing
their adherence to these guidelines. Our analysis reveals a significant and troubling disconnect. While most experiments acknowledge
the principle of provenance (75.0%), they demonstrate profound neglect of guidelines related to diverse perspectives (25.0%), explain-
ability (16.7%), and, most critically, algorithmic accountability (0.0%). The results indicate that current practices often succeed in basic
content categorization but fail in the more sophisticated archival task of preserving archives’ evidentiary and relational integrity by
treating records as decontextualized data. The study calls for urgently developing an Archival AI Lifecycle—a framework that weaves
archival principles, classification theory, and knowledge organization into AI development, safeguarding archival practice’s intellectual
and ethical integrity in the digital age.
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1. Introduction
Digitizing records transforms them from texts to be

read to data to be mined (Moss et al., 2018; Mordell,
2019). The increasing volume of unstructured, uncatego-
rized, and highly diverse data has challenged manually per-
formed archival classification and evaluation tasks (Sousa,
2022; Vellino and Alberts, 2016). For Greene andMeissner
(2005), the accumulation of unprocessed records is a prob-
lem exacerbated by traditional approaches to handling col-
lections. After reviewing the literature and archival prac-
tices in the United States and the United Kingdom, they
conclude that a lack of professional consensus on the mini-
mum components and work metrics results in a waste of re-
sources and an accumulation of unprocessed records. Thus,
they propose the concept of “more product, less process”
(MPLP) to allocate resources most efficiently for the bene-
fit of the end users of the collection. Trace (2022) points out
that the loss of backlog accumulation interrupts the distribu-
tion and final consumption of the research process, which
constitutes a knowledge infrastructure problem with clear
harm to society. Problems include the obstruction of re-
search, the loss of contextual information from records, a
limited understanding of the past, increased preservation
costs, a loss of public trust, and reduced visibility of the
social and cultural impact of collections.

The challenges we identified can be categorized into
three distinct orders. The first challenge is the lack of en-
gagement by archivists with the conceptual principles of
new information technology (Bunn, 2019), which has con-
sequently limited the application of computational analy-
sis in support of archival practices. The second challenge
lies in the technical ignorance among archivists; this lack of
knowledge often results in computational tools being per-
ceived as opaque and insufficiently transparent regarding
their actual functioning (Mordell, 2019; Amozurrutia et al.,
2023). The third challenge involves promoting the proper
use of computational thinking within archives to ensure
that archival requirements are met and that such endeavors
contribute to the emerging transdisciplinary field known as
Computational Archival Science (Marciano et al., 2018).

In the literature, several researchers advocate for the
use of computational analysis tools, such as machine learn-
ing (ML) and natural language processing (NLP), which
identify patterns in data, make predictions, automate repet-
itive tasks, and speed up processing (Rolan et al., 2019;
Colavizza et al., 2021; Bunn, 2019; Jaillant, 2022a; Sousa,
2022; Alaoui, 2024). As presented, automatic records
classification appears to help manage the accumulation of
records processing tasks, with additional benefits such as
identifying and signaling confidential and sensitive infor-
mation and improving data quality. Additionally, Chabin
(2020) demonstrates how the use of archival knowledge
and diplomatic analysis improves the performance of arti-
ficial intelligence (AI) models and thus enriched the corpus
of records from the large-scale “yellow vest” social move-

ment in France in 2019. Shabou et al. (2020) combines an
archival model with a data mining model to create an auto-
mated method for evaluating the relevance of data recorded
in different formats and content. In this context, we identi-
fied a lack of research that comparatively analyzes the re-
sults and methodologies used in experiments that apply ML
methods to the automatic classification of records, espe-
cially if they use knowledge and instruments from archival
science and information science. Therefore, we formulated
two research questions:

(1) What are the guidelines outlined in the literature
for developing artificial intelligence projects in records and
archives?

(2) Do the automatic records and archives classifica-
tion experiments reported in the literature meet the guide-
lines identified in objective 1?

This research is fundamentally rooted in Knowledge
Organization (KO). We argue that automatic record clas-
sification is not merely a technical data processing chal-
lenge but a complexKOproblem. Traditional archival prac-
tices, such as establishing provenance, maintaining original
order, and creating hierarchical descriptions, are sophisti-
cated, human-driven methods of classifying and organizing
knowledge, that impose intellectual order on chaos, reveal
context, and facilitate access. This paper examines how
well the fundamental KO principles of archival science are
being translated, preserved, or potentially threatened with
the intrusion of data-driven machine learning algorithmic
classification. Our goal is to provide a critical lens for the
KO community to assess the impact of AI on one of its old-
est domains of practice.

This article addresses archival principles and their ar-
ticulation with classification in section 2, describes and de-
fines artificial intelligence and its subdisciplines in section
3, section 4 addresses the application of AI in records man-
agement, and section 5 summarizes themethodological pro-
cedures and the literature. The results are discussed in sec-
tion 6 and the conclusions in section 7.

2. Foundational Archival Principles and
Their Articulation With Classification
Theory

The management, preservation, and accessibility of
records and archival rely on core principles developed
over centuries of practice. Before examining how Com-
putational Archival Science (CAS) transforms archival
paradigms, we must establish how fundamental archival
practices embody Knowledge Organization (KO) prin-
ciples. This chapter explores key archival tenets—
provenance, original order, record group conceptualiza-
tion, and archival description—demonstrating their intrin-
sic connections to classification theory and practice.

Contemporary archival theory distinguishes between
records and archives. Records are documents created or re-
ceived during organizational activities and preserved as ev-
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idence, characterized by their organicity and primary value
(administrative, legal, fiscal). Archives comprise records
that, having fulfilled their immediate administrative pur-
pose, are selected for permanent preservation due to their
secondary value—evidential, informational, and historical
(Pearce-Moses, 2005). This distinction is crucial for au-
tomatic classification, as context and metadata differ sub-
stantially between active records (associated with work-
flows) and historical archives (associated with series and
fonds). This study encompasses records and archives, ap-
plying experiments across the continuum—from current
records management to permanent archive organization—
demonstrating how Knowledge Organization principles ap-
ply distinctly at each stage.

Since the nineteenth century, provenance has been
archival science’s theoretical and practical foundation (Tog-
noli and Guimarães, 2020). The International Council on
Archives defines provenance as the relationship between
records and the organizations or individuals that created,
accumulated, maintained, and used them during personal
or corporate activities (ICA, 2007). The principle’s codifi-
cation through the French respect des fonds (in 1841) es-
tablished that documents sharing common origin must re-
main together and be organized systematically (Tognoli and
Guimarães, 2020).

Provenance operates as the primary classification
mechanism in archival knowledge organization. By es-
tablishing that records from a single creator constitute a
distinct fond, this principle creates the fundamental clas-
sificatory level within archives (Tognoli and Guimarães,
2020). Based on creator-record relationships, this group-
ing exemplifies core KO practice, delineating knowledge
spheres corresponding to creators’ functions and activities.
The principle’s classificatory power generates meaningful
intellectual boundaries reflecting the administrative reali-
ties of record creation and the epistemological frameworks
structuring original knowledge production.

Original order (Registraturprinzip in German, respect
de l’ordre primitif in French) is intrinsically linked to
provenance and emerged from European archival traditions
(Tognoli and Guimarães, 2020). This principle mandates
maintaining records in the sequence and establishing con-
figuration creators during operational activities, revealing
how creators actually operated—their working methods,
administrative priorities, decision-making processes, and
information management approaches.

The principle of the original order is articulated with
the organization of knowledge by being responsible for val-
idating the classification system of its creator, in which it
recognizes the original classification scheme as a legitimate
and significant structure essential to delimit the context
and integrity of the documents. These arrangements repre-
sent indigenous classification schemes and filing method-
ologies developed to meet specific operational require-
ments (Tognoli and Guimarães, 2020). Archival respect

for original order acknowledges existing knowledge orga-
nization systems emerging from particular functional con-
texts. Analyzing creator-imposed structures yields insights
into organizational activities, decision-making frameworks,
and intended intellectual relationships among documents—
central concerns in KO theory and practice.

The scale and complexity of fonds often necessi-
tate subdivision for effective management and access.
Archivists typically organize fonds into series, which are
records structured according to a filing system or main-
tained as a unit due to originating from the same accumu-
lation, filing process, or activity (ICA, 2007). The series
formation may reflect the creators’ original arrangements
or archivists’ subsequent organization based on function,
subject, or format.

Delineating fonds and series constitutes explicit clas-
sification and hierarchical knowledge organization. The
progression from fonds through series (and potentially sub-
series, files, and items) creates a classification system or-
ganizing records into intellectually coherent units. Clas-
sification criteria—administrative function, operational ac-
tivity, subject matter, or documentary form—derive from
the creation context and functional use. Subdividing fonds
requires systematic analysis to identify logical groupings
and structural relationships, representing fundamental KO
activity that reveals internal architecture while maintaining
provenance-based integrity.

Archival description creates comprehensive represen-
tations that facilitate record identification, management,
understanding, and use (ICA, 2007). Duranti (1993) char-
acterizes description as analysis, identification, and organi-
zation for “control, retrieval and access”, producing repre-
sentations that illuminate “archival material, its provenance
and documentary context, interrelationships and how it can
be identified and used”.

According to Vital and Brascher (2016), archival de-
scription and classification are central and inextricably
linked activities within information organization and repre-
sentation. Description structures and presents documentary
information and acts as a mediating mechanism between
the holdings and their users, enabling efficient manage-
ment and retrieval. The researchers contend that organiz-
ing archival materials fundamentally depends on system-
atic observation, analytical examination, and synthesizing
activities designed to discern commonalities and distinc-
tions among documentary records. At its core, this method-
ology represents a classification-based approach that cre-
ates significant connections andmeaningful differentiations
throughout archival collections.

Description is the primary mechanism for commu-
nicating archival classification and organization to users,
demonstrating profound KO integration. Finding aids—
description’s primary output—typically mirror provenance
and original order principles, reflecting hierarchical classi-
fication while articulating each unit’s intellectual and func-
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Fig. 1. AI concepts. Reprinted from Banh and Strobel, 2023, p. 63. AI, Artificial intelligence.

tional basis. Complex knowledge organization systems em-
bedded within archives become navigable and comprehen-
sible through descriptive apparatus.

These foundational principles reveal deep integration
with knowledge organization theory. Provenance estab-
lishes primary classificatory boundaries; original order pre-
serves organization systems; hierarchical structuring cre-
ates manageable intellectual units; description renders or-
ganizational systems accessible. This intrinsic relation-
ship between archival principles and KO provides theoret-
ical grounding for understanding how computational ap-
proaches simultaneously build upon and transform tradi-
tional organizational frameworks—a transformation exam-
ined in subsequent sections.

3. Computer Science and Artificial
Intelligence

AI is a discipline that researches and develops mecha-
nisms and applications of AI systems, considered those that
generate content outputs, predictions, recommendations
or decisions to meet human-defined objectives (ISO/IEC,
2022). The evolution of AI has been marked by the emer-
gence of the subdisciplines illustrated in Fig. 1.

The first AI systems were expert systems and knowl-
edge bases that depended on humans to provide established
rules to generate their results (Banh and Strobel, 2023).
The advent of ML as a subdiscipline of AI has profoundly
changed the development of algorithms capable of solving

tasks autonomously, as they rely on exposure to data with-
out the need for explicit programming, as shown in Fig. 2.

For automatic text classification, model training data
is collected and undergoes cleaning and pre-processing
steps to then be submitted to feature engineering. Feature
engineering (1) processes the raw data into features that can
be understood by the algorithms and (2) transforms them
into resources that help algorithms achieve better results in
terms of prediction and/or interpretability (Verdonck et al.,
2021). The Fig. 3 ilustrates the feature engineering for clas-
sification.

Mosqueira-Rey et al. (2023) reviewed the literature
on new interactions between humans and machine learn-
ing algorithms, referred to as Human-in-the-loop machine
learning (HITL-ML), where the goal is not solely to achieve
higher accuracy or speed, but also to make humans more
effective and efficient. The main approaches of Human-in-
the-loop machine learning share interactivity as a key factor
but have different degrees and purposes of this interactivity
(Mosqueira-Rey et al., 2023). Active Learning, Interactive
Machine Learning, andMachine Teaching focus on control-
ling the learning process, while Curriculum Learning and
Explainable AI concentrate on improving the efficiency and
transparency of learning.

3.1 Trustworthy AI and Explainable AI
The rapid rise of AI has raised concerns about its po-

tential risks and negative impacts. The increasing complex-
ity of AI systems with deep learning algorithms and more
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Fig. 2. Differences between Traditional Programming and Machine Learning. Reprinted from Shyam and Singh, 2021, p.19.

Fig. 3. A general framework of feature engineering for classification. Reprinted from Rawat and Khemchandani, 2017, p. 170.

recently Generative AI makes it difficult to understand their
internal workings and ensure their reliability. Cases like the
investigation surrounding the Correctional Offender Man-
agement Profiling for Alternative Sanctions (COMPAS),
which assessed the risk of reoffending and was used by
judges in decision-making, revealed that the software gen-
erated higher false positive rates for African Americans
compared to Caucasian offenders (Mehrabi et al., 2022).

It is in this context that Trustworthy AI emerges, a
framework created to ensure that an AI system is worthy
of trust based on evidence related to its declared require-
ments, so that user and stakeholder expectations are verifi-
ably met, as defined by the ISO/IEC 24027:2021 standard
(ISO/IEC, 2021). Trustworthy AI studies encompass as-
pects such as human agency and oversight, robustness and
safety, privacy and data governance, transparency, diver-
sity and fairness, social and environmental well-being, and
accountability (Chamola et al., 2023).

To ensure Trustworthy AI, human participation is es-
sential at all stages of the AI lifecycle, in what can be called
a “Human-Centered Approach to Trustworthy AI (Human
+ AI)” (Kaur et al., 2023). This collaboration between hu-

mans and machines aims to combine human cognitive ca-
pacity with the computational power of machines, creating
more robust, ethical, and efficient systems.

The explainability of an AI system consists of its abil-
ity to express the important factors influencing the out-
comes it produces in a way that humans can understand
(ISO/IEC, 2022). It is linked to reliability (the property of
consistent behavior and results), robustness (the system’s
ability to maintain its performance level under any circum-
stance), transparency (the property of the system to pro-
vide due information to stakeholders), and predictability
(which should allow stakeholders to make reliable assump-
tions about the outputs) (Kale et al., 2023).

Provenance in the AI context provides a detailed
record of the origin, processing, and transformations of data
in a system, answering the “who, what, when, where” ques-
tions about each step of a process (Kale et al., 2023). In
Fig. 4, the topics of provenance, Explainable AI and Trust-
worthy AI are presented and their reciprocal relationships.
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Fig. 4. Similarity of topics involving AI provenance, explain-
able AI, and trustworthy AI. Reprinted from Kale et al., 2023,
p. 151. XAI, Explainable AI.

3.2 Methodologies for Developing Projects Using Data
Science and AI

The development of projects to extract useful knowl-
edge from large volumes of data had its initial landmark
with the creation of the term Knowledge Discovery in
Databases by Piatetsky-Shapiro (1990). However, it was
only five years later that the Knowledge Discovery in
Databases Process was published, a non-trivial and itera-
tive process with the objective of identifying valid, new,
potentially useful, and understandable patterns in data. The
process converts raw data into knowledge by selecting rel-
evant data, preprocessing it for quality, transforming it into
suitable formats, applying data‑mining techniques to ex-
tract patterns, and finally evaluating these patterns to derive
meaningful insights.

Martinez-Plumed et al. (2019) developed a graphical
representation of the evolution of data science methodolo-
gies in Fig. 5.

According to Fig. 5, the KDD Process had a very rele-
vant role, but with the advent of the Cross-Industry Stan-
dard Process for Data Mining (CRISP-DM), most of the
major methodologies since then have been directly influ-
enced by the latter. CRISP-DM organizes the process into
six phases.

The main contributions to CRISP-DM were based on
practical experience, as it was developed by industry lead-
ers from real projects, which is why it became a robust and
effective model in the real world (Shearer, 2000), as illus-
trated in Fig. 6. The model also encourages the adoption of
best practices by describing the tasks and subtasks within
each phase, highlighting the importance of business under-
standing, data quality, and evaluation of results.

On the other hand, the TDSP (TeamData Science Pro-
cess) is an agile and iterative methodology created by Mi-
crosoft from CRISP-DM to support solutions for predictive
analysis and intelligent applications (Microsoft, 2024). Its
main components are the Data Science Lifecycle, the stan-
dardized project structure, the recommended infrastructure
and resources for data science projects, and recommended
tools and utilities for project execution, as illustrated in
Fig. 7.

TheDominoDSLifecycle is an agile methodology de-
veloped byDominoData Lab in 2017 based on CRISP-DM,
which adopts a holistic approach covering the entire lifecy-
cle from ideation to delivery and monitoring (Domino Data
Lab, 2017).

Finally, the Agile Data Science Lifecycle is a frame-
work created by Jurney (2017) for rapid prototyping, ex-
ploratory data analysis, interactive visualization, and ap-
plied machine learning, from the perspective of utilizing
data science through web applications.

The author elaborates the Agile Data Science Mani-
festo with principles that support the framework. The first
is “Iterate, iterate, iterate”, which emphasizes the need for
data to be analyzed, formatted, classified, aggregated, and
summarized before being understood (Jurney, 2017).

Silva and Alahakoon (2022), researchers at the Cen-
tre for Data Analytics and Cognition, created the CDAC
AI Life Cycle to cover all stages of AI development, from
conception to production. Due to the increasing sophistica-
tion and incorporation of AI in all forms of digital systems
and services, CDAC aims to address risk assessment issues
related to: Privacy; Cybersecurity; Trust, interpretability,
explainability, and robustness; Usability; and Social Impli-
cations.

The CDAC is composed of three main phases that un-
fold into 19 stages, as shown in Fig. 8.

4. Records Management and Artificial
Intelligence

The high volume of digital records makes so-called
“close reading” unfeasible, which requires archivists to
adopt a macroscopic approach supported by computational
methods to automate the processing, organization, and anal-
ysis of digital records (Ranade, 2016; Moss et al., 2018).

ML automatically associates recordswith archival cat-
egories, and for this the archivist does not need to specifi-
cally define the characteristics of each category was done
is in a “capstone project” in which emails were categorized
according to functional rules and user accounts (NARA,
2014).

However, the statistical modeling inherent in ML,
while presenting the advantage of simplifying relation-
ships between input variables and responses (Edmond et
al., 2022), is not an exact emulation of nature and remains
far from objective. Furthermore, the application of NLP in
the organization and description of digital files, as noted by
Mordell (Mordell, 2019), often involves opaque interfaces
in computational tools, which may lead users to perceive
these tools as neutral, disregarding their historically condi-
tioned nature.

The judicious selection of computational tools, con-
sidering their functionality, scope, customization options,
and data types, is crucial (Underwood andMarciano, 2019).
Problems must be reformulated to align with existing com-
putational tools, involving decomposition, rephrasing into
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Fig. 5. Evolution of the most important models and methodologies of Data Mining and Data Science. Reprinted from Martinez-
Plumed et al., 2019, p. 4. KDD, Knowledge Discovery in Databases. CRISP-DM, CRoss-Industry Standard Process for Data Mining.
SEMMA, Sampling, Exploring, Modifying, Modeling and Assessing. RAMSYS, RApid collaborative data Mining SYStem. D3M ,
Domain-Driven Data Mining. ASUM-DM, Analytics Solutions Unified Method for Data Mining. CASP-DM, Context-Aware Standard
Process for DataMining. FMDS, Foundational Methodology for Data Science. TDSP, TeamData Science Process. 5A's, Assess, Access,
Analyze, Act and Automate.

Fig. 6. Phases of CRISP-DM. Reprinted from Martinez-Plumed
et al., 2019, p. 2. CRISP-DM, Cross-Industry Standard Process
for Data Mining.

known problems, and simplification. A fundamental un-
derstanding of how a computational model represents a
phenomenon is essential, including the aspects faithfully
modeled, those simplified, and the underlying assump-

tions made. It is also critical to acknowledge that algo-
rithms are formalized opinions in mathematics; they re-
flect the choices, biases, and intentions of their creators,
which can perpetuate and even amplify social injustices
(O’Neil, 2020). Consequently, increased transparency and
accountability in their development and implementation are
paramount.

The consensus, as highlighted by Amozurrutia et al.
(2023), is that automated tools should not replace human
activity, but rather support it. While AI systems may be ca-
pable of generating administrative metadata, as suggested
by Cushing and Osti (2023), the necessity for human in-
tervention remains in providing context and understanding
events. Therefore, the role of AI lies in supporting human
work through a human-machine partnership, where humans
retain the ability to verify AI technology outputs for poten-
tial issues before making collections available to users. Fur-
thermore, initiatives such as crowdsourcing, as proposed
by Ranade (2018), are important for accommodating dif-
ferent, and potentially conflicting, interpretations of docu-
ments. This innovative descriptive practice aims to present
raw data alongside derived data, qualified with essential
confidence measures, promoting a shift in archival think-
ing based on technical advancements.

The “Traces Through Time” project at The National
Archives of the United Kingdom demonstrates how com-
putational techniques can transform access to documents,
by recognizing connections between individuals in the col-
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Fig. 7. TDSP data science lifecycle. Reprinted from Microsoft, 2024. TDSP, Team Data Science Process.

lections and automatically transcribing paper documents
(Ranade, 2016). This effort highlights the challenge of en-
hancing computational techniques and addressing the im-
plications of their probabilistic nature and inherent uncer-
tainty for archives, which requires a fundamental shift in
archival thinking.

New approaches should focus on improving commu-
nication and transparency. Another critical challenge is to
ensure that AI usage aligns with core archival concepts,
such as archival bonds (Sullivan, 2023). The French gov-
ernment’s use of AI tools to organize information from
over 1.5 million contributions in the 2019 “Great National
Debate” illustrates how incorporating archival knowledge
and diplomatic analysis, particularly the formal elements
of contributions, can enrich the document corpus and en-
hance AI model performance (Chabin, 2020). Indeed, ac-
cording to Chabin (2020), the diplomatic approach allows
for demonstrating the reliability of the material, offering a
critical assessment of its representativeness, understanding
what is expressed beyond words, and considering the pro-
duction context including place, time, silences, repetitions,
and discourse organization.

The implementation of responsible practices to man-
age biases is crucial, through symposiums, best practice

exchanges, the formation of committees, and the auditing
of methods used (Padilla et al., 2019). Moreover, it is
vital to ensure the participation of underrepresented and
marginalized sectors of society, as proposed by Punzalan
and Caswell (2016) as a key aspect of social justice in
archival studies.

Computational Archival Science

The CAS is a transdisciplinary field that applies com-
putational methods and resources, design standards, socio-
technical constructs, and man-machine interaction to the
processing, analysis, storage, long-term preservation, and
access problems of large-scale documents and archives (big
data) (Marciano et al., 2018). CAS originated from a series
of workshops held between 2013 and 2015 on Big Human-
ities Data in collaboration with King’s College London at
the IEEE Big Data Conference (Marciano et al., 2024).

According to Marciano et al. (2018), the definition
of CAS presented is still provisional and in constant de-
velopment due to its recent origin. Transdisciplinarity de-
mands a bidirectional exchange of knowledge among the
foundational disciplines, an aspect that the current defi-
nition does not yet address satisfactorily. The goals of
CAS are to enhance and optimize efficiency, authenticity,
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Fig. 8. CDAC AI life cycle. Reprinted from Silva and Alahakoon, 2022, p. 6. CDAC, Centre for Data Analytics and Cognition AI life
cycle. ML, Machine Learning.

veracity, provenance, productivity, computation, informa-
tional structure and design, accuracy, and man-machine in-
teraction in support of acquisition, appraisal, arrangement
and description, preservation, communication, transmis-
sion, analysis, and access decisions. As an important con-
tribution, the authors emphasize the importance of examin-
ing the “computational theories and methods that dominate
document practices” (Marciano et al., 2018, p. 179).

For Wing (2006), computational thinking is a fun-
damental skill and a form of thought that involves multi-
layered abstractions, the decomposition of a complex task
into smaller parts, heuristic reasoning in the discovery and
resolution of various problems, even outside the field of
computer science. Computational thinking is characterized
by its reflection on multiple levels of abstraction, in a way
that resembles human rather than computer thinking.

Building on the contributions of Weintrop et al.
(2016), CAS seeks to integrate computational thinking with

archival thinking in academic teaching and archival practice
(Marciano et al., 2018; Underwood et al., 2018). According
to the characteristics of each research project, relevant com-
putational thinking practices illustrated in the taxonomy in
Fig. 9 are selected and applied, in an effort to structure com-
putational thinking applied to digital archives (Marciano,
2022).

Weintrop et al. (2016) consider the growing trend of
research in science and mathematics being strongly influ-
enced by computing; they seek to contribute a theoretical
foundation for computational thinking to be incorporated
into teaching according to the taxonomy presented in Fig. 7.

From the work presented at the 2017 CAS Workshop,
Marciano (2022) mapped archival concepts with computa-
tional methods in Table 1.

For Mordell (2019), CAS represents a crucial junction
that unites two trajectories of archival theory and practice
that have so far operated on segregated planes, which are so-
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Fig. 9. Taxonomy of computational thinking practices in mathematics and sciences. Reprinted from Weintrop et al., 2016, p. 9.

Table 1. Archival concepts and computational methods.
Archival concepts Computational methods

Transitioning from paper catalog entries to digital catalogs, matching
records in distributed databases

Graph and probabilistic databases

Technology-assisted review accessibility for presidential and federal
emails accessed in National Archives

Analysis, predictive coding to address personal data

Provenance in terms of why, who, and how Abstraction and ontology construction
Appraisal File format characterization, file format policies, bulk extractor

(identifies personal data), content visualization, tagging
Classification of archival images AI, line detection, image segmentation
Document Management Auto-categorization, auto-classification, e-discovery, machine

learning
Personally Identifiable Information (PII) NLP, entity recognition, sentiment analysis
Structured data interfaces for archival materials APIs for cultural heritage materials, graph databases
Decentralized recordkeeping Blockchain, secure computing, reliability
Source: adapted from Marciano, 2022.
AI, artificial intelligence; NLP, natural language processing; APIs, Application Programming Interfaces.

cial justice issues and technology. And Pajares et al. (2023)
highlight the potential of Computational Archival Science
(CAS) with the use of NLP, including creating new datasets,
detecting problems in digitized documents, enriching data
management, producing quality information for decision-
making, and improving document management systems.

5. Methodological Procedures

The present study adopts a qualitative research design
that combines literature review and comparative analysis to
address two research questions: (1) identifying and synthe-
sizing existing guidelines for AI projects in archives from
diverse literature sources and (2) assessing adherence to re-

ported automatic records classification experiments to these
synthesized guidelines.

Comparative analysis examines relationships between
macro-level cases to explain differences, similarities, and
contextual relations beyond single instances (Esser and
Vliegenthart, 2017). This method enables reflexive un-
derstanding through contextual comparison, discovers vari-
ations across units, and provides means to test and de-
velop causal theories by assessing empirical limits (Azar-
ian, 2011).

Within this research, comparative analysis serves dual
functions:

- Guideline Development (RQ1): A comparative syn-
thesis of literature from computer science, archival science,
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and information science identified recurring themes, criti-
cal concerns, and best practices. These elements were ana-
lyzed and integrated to formulate coherent guidelines (Sec-
tion 5.1), establishing literature-grounded benchmarks for
evaluation.

- Experiment Evaluation (RQ2): The developed
guidelines served as an analytical framework to examine
ML experiments for automatic record classification. Each
experiment was analyzed according to the guidelines and
respective verification rules to assess its adherence. This
evaluation reveals how the theoretical considerations trans-
late into practice, which allows identifying strengths, limi-
tations and opportunities for improvement.

The methodological choice addresses the research gap
highlighted in the literature on comparative evaluations by
structuring the investigation, synthesizing diverse informa-
tion, and, thus, allowing the systematic evaluation of theory
and practice (Esser and Vliegenthart, 2017).

5.1 Research Design and Execution
This study employs a two-phase qualitative research

design to address its research questions. The first phase fo-
cuses on developing a set of guiding principles through a
literature synthesis, while the second phase uses these prin-
ciples as a framework for a comparative analysis of pub-
lished machine learning experiments.

5.1.1 Phase 1: Guideline Development From Literature
Synthesis

The initial step was a comprehensive bibliographic
survey to build a corpus of relevant literature. The biblio-
graphic survey included the following databases: Informa-
tion Science Abstracts databases - LISA and Web of Sci-
ence (from 1969 to 03/24/2023 exclusively with items re-
viewed by experts) and the Information Science Database
- BRAPCI (from 1972 to 03/24/2023). The search opera-
tors used were: (recordkeeping OR “records management”
OR archivistic OR “archival science”) AND (“artificial in-
telligence” OR “machine learning” OR “natural language
processing”); (recordkeeping OR “records management”)
AND (“auto-categorization” OR “auto-classification” OR
“automatic classification”); appraisal AND archival AND
(“artificial intelligence” OR “machine learning” OR “nat-
ural language processing”); “computational archival sci-
ence” OR “archival engineering”.

We retrieved n = 325 items, of which 20 duplicates
were excluded, and 235 were removed because they were
not specific, leaving 70 total. Non-specific items include
the incidental mention of search terms, for example, articles
with the theme of blockchain technology in which record
managements and AI are incidentally mentioned without
any relationship between the concepts. Through reviewing
the articles, we accessed another 131 unique references, to-
taling 201, of which 57 were used for final analysis.

The 57 selected documents were then subjected to
qualitative content analysis to synthesize the guidelines.
This synthesis produced six core guidelines for applying AI
in automatic records classification.

5.1.2 Phase 2: Comparative Analysis of ML Experiments
The second phase involved a comparative analysis of

practical ML applications. From the literature corpus estab-
lished in Phase 1, we identified 24 published experiments
that applied ML to automatic records classification. Selec-
tion was based on direct relevance and the provision of suf-
ficient methodological detail to allow for assessment.

Each of the 24 experiments was systematically evalu-
ated against the six guidelines using the corresponding ver-
ification rules. Adherence was assessed on a binary basis
(i.e., the guideline was either met or not met), based on the
information provided in each published article. While this
approach does not capture the degree of adherence, it pro-
vides a clear macro-level view of current practices. The re-
sults of this comparative analysis were then aggregated and
analyzed quantitatively to identify overarching patterns and
gaps, informing the Discussion and Conclusions of this pa-
per.

6. Results
6.1 Guidelines for Using AI in Automatic Records and
Archival Classification

The guidelines, which address Research Question 1
(RQ1), were developed from the literature review and syn-
thesis process detailed in Section 5.1.1 (Phase 1: Guide-
line Development from Literature Syntesis). This process
revealed six recurring thematic areas that emerged consis-
tently across the literature in computer science, archival sci-
ence, and information science, which are detailed in Ta-
ble 2.

To synthesize our findings, we refined each theme
through several iterations using a systematic approach. We
began by coding relevant passages from our selected liter-
ature and then compared these codes and concepts across
three key disciplines: archival science, computer science,
and information science. This analysis across disciplines
revealed overlaps and distinctions, uncovering insights that
may have been overlooked from a single disciplinary per-
spective.

Transforming our thematic analysis into practical
guidelines required a structured methodology. Let us
use “Human Expertise Integration” as a practical exam-
ple of how this approach works. This theme ultimately
became Guideline 1 after synthesizing converging obser-
vations from multiple fields. Archival literature repeat-
edly highlights how archivists’ tacit knowledge and in-
terpretive skills remain essential for truly understanding
records. Computer science research has demonstrated
promising results with Human-in-the-Loop machine learn-
ing approaches, highlighting domain expertise’s impor-
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Table 2. Thematic areas identified through literature analysis: frequency and supporting references.
Id Thematic area Frequency of occurrence Key supporting literature
1 Human expertise integration 14 Bell and Bunn (2022), Rolan et al. (2019), Alaoui (2024), Lee

(2018), Frendo (2007), Mordell (2019), Edmond et al. (2022),
Cushing and Osti (2023), Amozurrutia et al. (2023), Pajares et al.
(2023), Ranade (2016; 2018), Chabin (2020), Sullivan (2023) and
Jo and Gebru (2020)

2 Contextual preservation 11 Tognoli and Guimarães (2020), Edmond et al. (2022), Jaillant et
al. (2022a), Vellino et al. (2016), Anderson (2021), Frendo (2007),
Chabin (2020), Ranade (2018), Sousa (2022), Bell and Bunn (2022)
and Colavizza et al. (2021)

3 Data quality concerns 10 Shearer (2000), Amozurrutia et al. (2023), Pajares et al. (2023),
Rolan et al. (2019), Edmond et al. (2022), Cushing and Osti (2023),
Bell and Bunn (2022), Alaoui (2024), Jo and Gebru (2020) and
Padilla et al. (2019)

4 Stakeholder diversity 11 Bell and Bunn (2022), Alaoui (2024), Edmond et al. (2022), Chabin
(2020), Mordell (2019), Padilla et al. (2019), Marciano et al.
(2024), Jaillant (2022a), Jo and Gebru (2020), Cushing and Osti
(2023) and Punzalan and Caswell (2016)

5 Ethical accountability 13 Hodel (2022), Alaoui (2024), Edmond et al. (2022), Mordell
(2019), Jaillant (2022a), Amozurrutia et al. (2023), Bell and Bunn
(2022), Jo and Gebru (2020), Lee (2018), Ranade (2018), Padilla et
al. (2019), Edmond et al. (2022) Cushing and Osti (2023)

6 Interpretability requirements 15 Edmond et al. (2022), Marciano (2022), Hodel (2022), Bell and
Bunn (2022), Mordell (2019), Pajares et al. (2023), Amozurrutia et
al. (2023), Alaoui (2024), Jo and Gebru (2020), Jaillant and Caputo
(2022b), Rolan et al. (2019), Underwood et al. (2018), Cushing and
Osti (2023), Anderson (2021) and Colavizza et al. (2021)

tance, especially in the model development and valida-
tion phases. From the information science perspective,
we found strong support for collaborative system design
and user-centered approaches involving key stakeholders—
particularly archivists.

We applied this same systematic synthesis process to
all six themes from our analysis, resulting in the com-
prehensive guidelines presented in the following sections.
Each guideline brings together insights from multiple dis-
ciplines, drawing on recurring themes we observed, criti-
cal concerns raised by researchers, expert recommendations
from the field, and foundational principles from both AI
governance frameworks and archival science. We grounded
our guidelines in this multidisciplinary literature base to
create theoretically sound and practical recommendations
for organizations looking to implement AI in archival set-
tings.

6.1.1 Integrate Professionals or Professors in Archives or
Records Management

The rise of AI, driven by machine learning models,
offers new possibilities for the treatment of archival doc-
uments. However, it is crucial to recognize that machine
learning should not be viewed as an automated solution
that dispenseswith human reasoning (Bell andBunn, 2022).
Despite their capacity for data processing and mathematical

calculations, these models lack the understanding of reality
and the semantic meaning intrinsic to documents (Bell and
Bunn, 2022; Rolan et al., 2019).

Alaoui (2024) argues that while AI can automate
specific tasks, the archivist’s role evolves into that of an
“archivist-informatician”, essential for continuously vali-
dating AI outputs and ensuring contextual integrity, a per-
ception echoed by Lee (2018) who sees AI as a support
rather than a replacement for appraisal decisions. Frendo
(2007) highlights that the intellectual control offered by tra-
ditional file plans, a form of human expertise, is at risk if AI
systems focus solely on discrete metadata without archivist
guidance. The author considers that planning and contex-
tual reasoning are uniquely human skills that must be con-
sidered to give meaning to documents.

Mordell (2019) emphasizes that AI tools are not neu-
tral, and their application to archival description requires
acknowledging how they privilege certain records and how
assumptions (e.g., based on race and gender) may be en-
coded into their design, necessitating archivist involvement
in adapting or developing these tools. The intellectual work
of establishing provenance, respecting original order, and
creating hierarchical structures like series represents expert
knowledge organization that AI must leverage, requiring
deep archivist involvement.
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In this context, AI should be seen as a complementary
tool to the work of archival specialists, valuing their knowl-
edge and experience in a human-machine collaboration
(Edmond et al., 2022; Cushing and Osti, 2023; Amozur-
rutia et al., 2023; Pajares et al., 2023). The analysis of
archival documents, by its nature, involves interpretation
and subjectivity, essential skills possessed by professionals
in the field (Edmond et al., 2022). The speed with which
AI models can generate responses may sometimes obscure
more complex issues. Therefore, a deep engagement of
the experiment team members is essential to understand the
nuances and particularities inherent to archival documents
(Ranade, 2016; Ranade, 2018). Chabin (2020) powerfully
illustrates this with the French great national debate, where
archival expertise was vital to enrich AI-processed data by
providing context that algorithms alone would miss. Sulli-
van (2023) highlights that expert knowledge, particularly in
feature selection, can significantly enhance AI and stresses
the need for AI tools to conform to archival concepts.

Given this, the tacit knowledge of archivists assumes
a fundamental role and must be integrated into all phases
of the development and application of the technology
(Ranade, 2016). This integration should permeate the en-
tire classification process, from planning to implementa-
tion (Edmond et al., 2022), including the design, training,
and validation of AI models. The active participation of
archivists in these stages is crucial to ensure accurate, con-
textualized results that are aligned with the specific needs
of the collection (Amozurrutia et al., 2023). Colavizza et
al. (2021) point out the need for collaboration between re-
searchers in the digital humanities and archivists to create
and implement effective archival solutions that make use of
AI.

The involvement of archivists in these stages is essen-
tial to ensure that outcomes are precise, contextually appro-
priate, and aligned with specific collection needs (Amozur-
rutia et al., 2023; Underwood et al., 2018). Jo and Ge-
bru (2020) also affirm that ML data collection can signifi-
cantly benefit from established archival strategies concern-
ing ethics and inclusivity. On the other hand, computer sci-
entists and archivists need to reflect together on how AI has
implications for document management and, conversely,
how document management can provide contributions to
the advancement and proper use of AI and data in society.

6.1.2 Consider the Provenance and Context of Records
and Archives

This guideline directly operationalizes core knowl-
edge organization principles such as provenance and origi-
nal order, as detailed in Section 2. From a KO perspective,
provenance is the primary classificatory act, creating mean-
ingful intellectual boundaries by grouping records based on
their creator (Tognoli and Guimarães, 2020). Original order
preserves the creator’s classification system, a vital source
of contextual evidence. Therefore, any machine learning

model that aims to perform archival classification should
be designed to categorize content and respect and, ideally,
strengthen these preexisting knowledge structures using hu-
man curation.

The preservation of authenticity and the adequate un-
derstanding of records and archival documents require a
careful analysis of their provenance and context. This in-
volves considering the history of creation and preservation,
the original structure of the archival fonds, and the orga-
nizational criteria established by the creators (Edmond et
al., 2022; Jaillant, 2022a). Provenance, the relationship be-
tween records and their creators, is the primary classifica-
tion mechanism in archives, creating distinct fonds that de-
lineate knowledge spheres corresponding to creators’ func-
tions and activities (Tognoli and Guimarães, 2020; ICA,
2007). The treatment of archives through machine learn-
ing systems must go beyond mere classification, and it is
essential that the system preserves and explicates informa-
tion about the context of creation and use, connecting each
item to its historical trajectory (Vellino and Alberts, 2016;
Anderson, 2021).

Frendo (2007) critiques the decontextualization in-
herent in treating information as “disembodied” discrete
metadata, arguing that the record’s significance stems from
its context, which traditional classification helps maintain.
Chabin (2020) found that AI processing focusing solely on
text missed crucial contextual metadata (source, date, ar-
rangement) in the French great national debate. Ranade
(2018) argues that digital records in their native form can be
richer than we recognize, containing embedded information
(e.g., timestamps, geo-references, audit trails) that AI could
help expose, but transfer processes often strip this richness,
reducing records to digital facsimiles. Sousa (2022) empha-
sizes that the archival bond, preserved through classifica-
tion, gives a document meaning beyond mere information.

Machine learning models, therefore, must be sensitive
to the context of production and use, avoiding the treatment
of documents as abstract data, disconnected from their ori-
gin and trajectory (Edmond et al., 2022). Bell and Bunn
(2022) argue that archives are not “raw data” but are prod-
ucts of multiple interpretive acts, making their context in-
dispensable for sense-making. Edmond et al. (2022) warn
that “datafication” can strip records of their original nar-
rative and cultural context. To this end, the reconciliation
between new technologies and the fundamental principles
of archival science (Jaillant, 2022a) is essential, so that the
models are temporally and contextually aware. This ap-
proach allows users to explore the content from the perspec-
tives of time, place, and identity (Ranade, 2018), enriching
the analysis and interpretation of the documents.

6.1.3 Taking Care of Data Quality

Data quality is a fundamental pillar for the devel-
opment of effective and reliable classification models
(Shearer, 2000). Therefore, it is imperative that the data
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used in training is rigorously evaluated and selected, ensur-
ing its relevance, representativeness, and absence of biases
(Amozurrutia et al., 2023). This process demands meticu-
lous attention to the accuracy, completeness, consistency,
and representativeness of the data used both in the train-
ing and classification phases (Pajares et al., 2023; Rolan et
al., 2019). Human validation and review emerge as cru-
cial steps in this context, acting as a control mechanism to
ensure the accuracy of classifications and identify possible
errors or inconsistencies that may compromise the model’s
performance (Edmond et al., 2022).

The importance of high-quality training data is reiter-
ated in the literature, along with the need for rigorous meth-
ods to assess the accuracy and interpretability of the result-
ing models (Amershi et al., 2019). Alaoui (2024) cautions
that the “datafication” process can degrade archival qual-
ity if not managed. Edmond et al. (2022) discuss “hidden
data” and the imperative of “data cleaning”, directly ad-
dressing data quality. Jo and Gebru (2020) dedicate much
of their work to the biases stemming from poor or unrep-
resentative training data in ML. Meticulous documentation
of dataset creation, including rationale, composition, col-
lection methodologies, preprocessing steps, and usage rec-
ommendations, is vital for reproducibility and reliability (Jo
and Gebru, 2020; Padilla et al., 2019).

Professionals tasked with dataset creation must rigor-
ously document every aspect of the process, including the
rationale behind dataset design, its intricate composition,
collection methodologies, preprocessing protocols, and us-
age recommendations (Jo and Gebru, 2020). This compre-
hensive documentation facilitates in-depth data assessment
and aids in identifying and mitigating potential biases, ulti-
mately enhancing the robustness and equity of the resulting
models. Bell and Bunn (2022) suggest a nuanced view of
data quality, arguing that archives should not be classified
as “raw data” as they inherently involve an element of cu-
ration that impacts their integrity and usability.

6.1.4 Include Different Perspectives

Classification, whether conducted by archivists, re-
searchers, or automated systems, is intrinsically a process
influenced by a series of non-neutral factors (Bell and Bunn,
2022). Perspectives, intentions, and decisions made in the
classification process shape the data and, consequently, im-
pact the training of machine learning algorithms. This sub-
jectivity inherent in classification underscores the impor-
tance of adopting an inclusive approach in the development
of machine learning systems.

Alaoui (2024), through Terry Cook’s paradigms, un-
derlines archives’ “communal” role in representing diverse
voices and mitigating silences, a principle AI must defend.
In order to mitigate the imposition of a single perspective
on the collection, it is imperative that the design of ma-
chine learning models incorporates different views, origi-
nating from diverse user groups (Edmond et al., 2022; Bell

and Bunn, 2022). The inclusion of multiple perspectives
ensures that the diversity of interpretations and user needs
are duly considered in the classification process.

Edmond et al. (2022) warn that AI can make “minori-
tized material” invisible if not designed inclusively. Chabin
(2020) critiqued the AI processing of the French debate for
potentially homogenizing citizen expression, emphasizing
the need for AI to capture diverse inputs. Mordell (2019) ar-
gues that archivists should acknowledge how AI tools priv-
ilege certain records and creators and how biases (race, gen-
der, and class) can be encoded, calling for involvement in
developing more inclusive systems.

In this sense, the active involvement of user commu-
nities in the development and implementation of classifica-
tion systems becomes a fundamental requirement (Padilla et
al., 2019; Marciano et al., 2024). By involving users from
the initial stages, it is possible to ensure that their needs
and perspectives are considered, resulting in fairer, more
effective systems that are representative of the diversity of
experiences.

Jaillant (2022a) focuses on user-centered design and
design thinking for “dark archives”, meaning understand-
ing diverse user access needs and involving end-users in
the design process from inspiration to iteration. Jo and
Gebru (2020) highlight community archives and participa-
tory methods as crucial for inclusive ML data collection.
Cushing and Osti (2023) found practitioners deeply con-
cerned about AI bias affecting marginalized communities,
calling for diverse perspectives in AI design. Punzalan and
Caswell (2016) advocate for archival pluralism, acknowl-
edging multiple coexisting archival realities and diverse
ways of knowing.

6.1.5 Ensuring Algorithmic Accountability
The application of ML techniques in the analysis and

classification of archives presents transformative potential,
but also raises crucial ethical andmethodological questions.
It is essential to recognize thatML does not constitute a neu-
tral tool and may, inadvertently, perpetuate and even am-
plify pre-existing biases in the training data (Hodel, 2022).
Therefore, a rigorous analysis of both the algorithms and
the data used is essential to mitigate the risks of biased inter-
pretations and unfair results. Alaoui (2024) highlights the
need for robust ethical frameworks, privacy safeguards, and
strong governance for AI in archival contexts. Edmond et
al. (2022) critique the “black box” nature of AI and the risks
of “surveillance capitalism”, implicitly demanding greater
accountability. Mordell (2019) warns that the resurgence of
claims of objectivity or neutrality in datafied contexts can
undermine efforts to address power relations in archives.

One of the main challenges lies in ensuring trans-
parency and accountability in the use of ML in records and
archives. Institutions that adopt these techniques must en-
sure that all decisions and results are traceable, auditable,
and attributable (Jaillant, 2022a). The absence of these
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mechanisms can compromise the credibility and legitimacy
of the processes, undermining public trust. In this sense, the
implementation of ML in archives must be guided by data
protection laws and robust ethical principles, which ensure
transparency, fairness, and non-discrimination (Amozurru-
tia et al., 2023).

Bell and Bunn (2022) call for “reasoning over
archives”, which implies accountability in how this rea-
soning, whether human or algorithmic, is conducted and
how its outcomes are justified. Jo and Gebru (2020) ar-
gue that ML should adopt ethical archival strategies, and
Ranade (2018) emphasizes the need for transparency re-
garding processes for capturing, preserving, and enriching
digital records to build trust. Padilla et al. (2019) state that
collections as data stewards are guided by ongoing ethical
commitments that should be formally documented and pub-
licly available, working transparently to develop trustwor-
thy, long-lived collections.

It is also imperative that the ML models used for clas-
sification do not perpetuate or aggravate existing prejudices
(Edmond et al., 2022). The careful selection of training
data, as well as the proper adjustment of the model param-
eters, are crucial steps to ensure fairness and avoid the ex-
clusion of minority groups or perspectives. Human exper-
tise, in this context, plays a fundamental role in guarantee-
ing the ethics and quality of the process (Cushing and Osti,
2023). The collaboration between humans and machines,
therefore, should not relegate human experience and judg-
ment to a secondary plane but rather integrate them syner-
gistically and complementarily.

6.1.6 Provide Explainability for Predictions

The increasing adoption of ML techniques for clas-
sifying records, archives and other memory institutions
brings with it challenges related to transparency and ex-
plainability. Complex models, such as deep neural net-
works (deep learning), often operate as “black boxes”, mak-
ing it difficult to understand the criteria that led to a given
classification (Edmond et al., 2022). In this sense, the need
to go beyond the simple evaluation of the accuracy of the
models arises, seeking an understanding of the mechanisms
that guide their decisions (Marciano, 2022). Algorithmic
opacity raises legitimate concerns that need to be addressed
by developing and adopting more transparent and inter-
pretable models (Hodel, 2022).

In the context of KO, this guideline is the modern
computational equivalent of archival description. As estab-
lished in Section 2, description makes the archivist’s clas-
sification system—the organization of fonds, series, and
files—intelligible and navigable to users (Duranti, 1993;
Vital and Brascher, 2016). A search engine explains why
records and files are organized a certain way. Likewise, an
explainable AI model must articulate the logic behind its
classifications. Without explainability, an automated sys-
tem becomes an opaque and undescribed knowledge struc-

ture, violating the archival and KO imperative for transpar-
ent and accessible organization.

Bell and Bunn (2022) advocate for making archivists’
“implicit processes more explicit”, a human-centered par-
allel to the XAI goal in computational systems. Mordell
(2019) uses the “Devil’s Bridge” metaphor to describe how
new technologies often obscure the material conditions of
their production and render human decision-making invis-
ible. Consequently, he advocates for plain language expla-
nations of what AI tools do and the human choices embed-
ded in their design.

The prioritization of models that enable understand-
ing by experts is crucial, especially in sensitive contexts
such as access to knowledge (Edmond et al., 2022). In other
words, the choice of interpretable models and the clear doc-
umentation of the classification process become imperative
to ensure the confidence and acceptance of algorithmic de-
cisions by professionals in the field (Pajares et al., 2023;
Amozurrutia et al., 2023). The focus should be on the de-
velopment and use of models that not only perform well in
the classification task but also enable an understanding of
how the classification was performed and that are replicable
(Edmond et al., 2022).

Alaoui (2024) suggests that the “archivist-
informatician” must understand and articulate AI’s
logic, demanding explainable systems. Jo and Gebru
(2020) propose archival documentation as a model for en-
hancing ML dataset transparency. Explainable AI emerges
as a fundamental area of study, with the goal of developing
techniques that allow us to understand the reasoning
behind the decisions made by ML algorithms (Chamola
et al., 2023). Complex systems, such as deep learning
systems, present additional challenges in this regard, as
they are more difficult to interpret and debug (Rolan et al.,
2019). Underwood et al. (2018) have developed lesson
plans that integrate computational thinking into archival
science teaching, including activities requiring students to
understand and edit applications to open the “black box”
of computational tools.

In line with the search for explainability, review by hu-
man experts becomes indispensable. ML-based classifica-
tion processes must be open to evaluation by professionals
who can verify whether algorithmic decisions are aligned
with ethical principles and the needs of the user community
(Edmond et al., 2022). Human verification of ML results
is essential to ensure the accuracy, sensitivity, and ethical
adequacy of classifications (Cushing and Osti, 2023). It is
essential to recognize that ML systems are not neutral (An-
derson, 2021) and that biases present in the training data
can lead to biased results. In this context, critical evalua-
tion and explainability become essential tools for mitigating
these risks.
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Table 3. Guidelines for using AI in automatic records and archival classification experiments: related specific AI methodology
steps.

Id Guidelines Related specific AI methodology steps

1 Integrate professionals or professors in archives or
records management

Interpretation/evaluation (KDD Process), Business understanding, Data
understanding and Evaluation (CRISP-DM, RAMSYS and DST), Busi-
ness understanding and Data Acquisition & Understanding (TDSP) and
Identify and formulate the problem, Review data and AI ethics, Post-
deployment review and Monitor and evaluate performance (CDAC).

2 Consider the provenance and context of records
and archives

Business understanding, Data understanding and Data preparation
(CRISP-DM, RAMSYS and DST), Business understanding and Data
Acquisition & Understanding (TDSP) and Data preparation and Data
exploration (CDAC).

3 Taking care of data quality Data understanding and Data preparation (CRISP-DM, RAMSYS and
DST), Data Acquisition & Understanding (TDSP).

4 Include different perspectives -
5 Ensuring algorithmic accountability Review data and AI ethics (CDAC)
6 Provide explainability for predictions AI model explanability (CDAC)
Source: Fayyad et al., 1996; Shearer, 2000; Moyle and Jorge, 2001; Microsoft, 2024; Domino Data Lab, 2017; Jurney, 2017;
Martinez-Plumed et al., 2019; Silva and Alahakoon, 2022.

Table 4. Guidelines for using AI in automatic records classification experiments: verification rules.
Id Guidelines Verification rules

1 Integrate professionals or professors in archives or
records management

Check whether professional or professors in archives or records management are
involved in the experiment steps.

2 Consider the provenance and context of records
and archives

Verify whether machine learning systems preserve and respect the original struc-
ture of archival funds, the context of production and use of documents.

3 Taking care of data quality Implement a human validation and review stage of the data for relevance, repre-
sentativeness, accuracy and completeness.

4 Include different perspectives Verifywhether different user groupswith different profiles and perspectiveswere
identified and involved in the process of developing the classification system.

5 Ensuring algorithmic accountability Verify that implementation is guided by robust data protection laws and ethical
principles, and decisions and outcomes are traceable and auditable.

6 Provide explainability for predictions Verify the application of practices that favor explainability, such as the use of
models that are interpretable by nature, Explainable AI techniques, explanatory
reports, and peer review of results.

6.1.7 Consolidation of Results
To consolidate these findings, Table 3 maps each

guideline to the corresponding steps within the main data
science and artificial intelligence frameworks and method-
ologies analyzed in Section 3.2. Each listed guideline was
evaluated in relation to its practical and theoretical impli-
cations for the development of AI models for the automatic
classification of archival documents.

Next, we present Table 4, which details the verifica-
tion rules for each of the guidelines in order to articulate
useful criteria so that the developed classification system is
reliable, explainable, and appropriate to the archival con-
text.

6.2 Experiments using Machine Learning

In the literature search, we identified 24 experiments
on the practical application of ML in the automatic records
and archives classification listed in Tables 5,6.

Table 5 shows that the origins of the records and
archives used in research vary widely, ranging from public
institutions, universities, public archives, personal collec-
tions, and data sets from public projects. Some experiments
were limited to emails only, and the others cover all types
of records. In a temporal analysis, in the period 2001–2016,
surveys on emails dominated with 8 experiments (80%), a
situation that was practically reversed in the period 2017–
2023 with only 3 experiments (21%).

With the objective of assessing the practical adherence
to the proposed guidelines, we developed Table 7, which
maps each of the automatic classification experiments car-
ried out to the guidelines defined in Table 4. This assess-
ment allows us to attest, systematically, which guidelines
were incorporated in each experiment, identifying gaps and
areas for improvement in the application of AI in records
and archives. One limitation of the assessment made is that
the verification is binary, as it only allows the answer that
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Table 5. Quantitative experiments: basic characteristics.
Reference Origin of records Description Year

Marcus, 2002; Shinkle, 2017 National Archives and Records Administration (NARA) Automatically classify records and file them in the system according
to the assigned classification.

2001

Cohen et al., 2004 Carnegie Mellon University Automatically classify emails according to one of five possible ac-
tion types.

2004

Bennett and Carbonell, 2005 Carnegie Mellon University Classification of emails and their sentences that have action items. 2005
Carvalho and Cohen, 2005 Carnegie Mellon University Automatically classify emails according to one of seven possible

action types.
2005

Goldstein and Evans Sabin, 2006 Personal email collections Automatically classify emails into act and genre categories. 2006
Lampert et al., 2010 Academic research with Enron emails Automatically classify emails that contain requests. 2010
Public Record Office Victoria, 2018 Canadian government bodies Automatically classify emails into one of the relevant subcategories

in the sorting step
2012

Alberts and Vellino, 2013 University of Ottawa Automatically recognize whether an email has business value 2013
Esteva et al., 2013 United States Department of State Automatically classify telegrams into secrecy classes 2013
Vellino and Alberts, 2016 Academic research with volunteer information management

consultants
Automatically classify emails in the process of evaluating whether
they have value for the business

2016

Liu et al., 2017 Academic research with archival records from Gansu Province
in China

Automatically classify records with classification code application. 2017

Kim et al., 2017 Seoul Metropolitan Government Automatically classify records into different classification schemes. 2017
Rolan et al., 2019 New South Wales State Archives (NSWSA) Automate the evaluation of records according to the institution’s

temporality table.
2017

Rolan et al., 2019; Alberts and Vellino, 2013 Public Record Office Victoria Identify the format of emails to reduce the volume of records to be
evaluated.

2018

Hutchinson, 2018 University of Saskatchewan Associate Vice President for Infor-
mation and Communications Technology

Automatically classify human resources records that contain indi-
vidualized personal information.

2018

Binici, 2019 Çankırı University Karatekin Classify records according to the Standard File Plan 2019
Shu et al., 2020 Avocado dataset Automatically classify email intent 2020
Anderson, 2021 Cybernetics Thought Collective project Sort manually tagged records into four categories 2021
Wang et al., 2021 Archives of Liaoning Province Classification of data catalog items in accordance with the Chinese

File Classification Law
2021

Tkachenko and Denisova, 2022 Siberian State Automobile and Highway University Automatically classify records from a university 2022
Franks, 2022 Australian Human Rights Commission (AHRC) Classify records according to the disposal schedule. 2022
Brokensha et al., 2023 National Afrikaans Literary Museum and Research Center Classify records according to their type. 2023
Payne, 2023 Academic research with Enron emails Automatically classify emails into administrative or operational 2023
Watanabe and Sousa, 2023 Attorney General of the Union Classify records according to the temporality table. 2023
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Table 6. Quantitative experiments: basic data.
Reference Record metadata used as independent variables Classification algorithms Records used Classes Agreement between

annotators (Kappa)
Model results*

Marcus, 2002; Shinkle, 2017 Content AutoRecords proprietary application n/a n/a n/a A: 96.00%
Cohen et al., 2004 Content, expressions of time and related to pro-

nouns or proper names.
Voted Perceptron, Ada Boost, Support
Vector Machine (SVM) and Decision Tree

1135 5 0.72 to 0.82 F1: 85.00%**

Bennett and Carbonell, 2005 Total content and separated into sentences k-nearest neighbor (kNN), SVM and
Naïve Bayes

744 two 0.82 to 0.85 A: 81.73%**

F1: 77.90%**
Carvalho and Cohen, 2005 Content, actual and estimated relationship tags be-

tween inline emails
Own algorithm based on dependency net-
work

721 7 n/a F1: 82.96%**

Goldstein and Evans Sabin, 2006 Content and 16 characteristics of speech acts SVM and Random Forest 280 5 0.89 P: 63.00%**
Lampert et al., 2010 Content and 9 characteristics of speech acts SVM 505 two 0.68 A: 83.76%**

P: 84.90%**
A: 83.90%**
F1: 84.30%**

Public Record Office Victoria, 2018 Content and non-lexical characteristics (+22) kNN 1703 13 n/a A: 88.70%**
P: 84.18%**
A: 91.09%**

Alberts and Vellino, 2013 Content and non-lexical characteristics (+22) SVM 173 n/a n/a P: 77.30%**
Esteva et al., 2013 Content, Traffic Analysis by Geography and Sub-

ject and keywords
SVM 154,392 4 n/a A: 92.39%

Vellino and Alberts, 2016 Content and other attributes (+13) SVM 1023 13 n/a A: 91.00%**
P: 89.00%**
A: 94.00%**
F1: 91.00%**

Liu et al., 2017 Record content and group according to department Naïve Bayes 3600 6 n/a P: 89.20%
Kim et al., 2017 Content, Title and metadata of related records Proprietary application 25,553 120 n/a A: 97.81%**
Rolan et al., 2019 Content Multinomial Naïve Bayes and Multi-

Layer Perceptron
8784 n/a n/a A: 84.00%

F1: 83.50%
Rolan et al., 2019; Alberts and Vellino, 2013 Content, organizational functions, action

verbs/objects and function/activity terms.
Nuix proprietary application 4,600,000 n/a n/a A: 100%**
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Table 6. Continued.
Reference Record metadata used as independent variables Classification algorithms Records used Classes Agreement between

annotators (Kappa)
Model results*

Hutchinson, 2018 Content SVM 169 30 n/a A: 87.72%
Binici, 2019 Content Multinomial Naïve Bayes 1784 n/a n/a A: 90.40%**

F1: 98.30%**
Shu et al., 2020 Weak content and role labels from user interactions Hydra, neural network model 3182 3 0.61 A: 80.40%**
Anderson, 2021 Content Naïve Bayes 154 n/a n/a A: 71.10%
Wang et al., 2021 Content, issuing institution, receiving institution,

type of record and keywords
SVM and Network Analysis 2500 11 n/a F1: 71.60%

Tkachenko and Denisova, 2022 Content SVM and kNN 1778 4 n/a F1: 98.30%**
Franks, 2022 Content SVM, C-LSTM, CNN, LSTM, BERT,

RoBERTa and XLNet
6217 29 n/a A: 87.90%**

P: 83.93%**
A: 78.64%**
F1: 77.10%

Brokensha et al., 2023 Content SVM and Multi-Layer Perceptron 621 6 n/a P: 92.80%**
A: 93.10%**
A: 92.80%**
F1: 92.90%**

Payne, 2023 Content and STACC Framework (+13) Random Forest 214 two n/a P: 70.00%
A: 60.00%

Watanabe and Sousa, 2023 Content and vocabularies of people, places and
time

Ridge, Multi-Layer Perceptron, Comple-
ment Naïve Bayes and others (+16)

4800 24 n/a A: 87.10%**

F1: 0.870**
* A, Accuracy; P, Precision; F1, F1 score.
** The best result.
C-LSTM, Convolutional Long Short-Term Memory; CNN, Convolutional Neural Network; LSTM, Long Short-Term Memory; BERT, Bidirectional Encoder Representations from Trans-
formers; RoBERTa, Robustly Optimized BERT Pretraining Approach; XLNet, eXtreme Long Net.
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the criteria are met or not met, so it does not allow us to dis-
tinguish the levels of compliance with the verification rules.
Another limitation of the assessment was that the verifica-
tions were limited to the content of the articles reporting the
experiments, which do not always present many details of
the methodological procedures adopted.

7. Discussion
The analysis of the literature enabled the elaboration

of the six guidelines for using AI in automatic records and
archives classification, which were selected based on the
relevance manifested by their occurrence among the major-
ity of the authors researched. Although categorized in dif-
ferent groups, the guidelines have a strong reciprocal influ-
ence, as will be addressed below. Next, the analysis of the
experimentsmade it possible to verify how theywere devel-
oped in comparison with the elaborated guidelines, which
enabled us to discuss the results in the sequential order of
the guidelines, with a joint analysis of their incidence or
non-incidence in the researched experiments. At the end of
this chapter, we will discuss the results in general to formu-
late broader proposals.

The challenge of enabling the use of machine learning
in archives finds its way into Computational Archival Sci-
ence (CAS), a transdiscipline that seeks not only to apply
technology to enhance archival practices, but also to trans-
form the founding disciplines into a movement in which the
theories andmethods of both are integrated andmutually in-
fluence each other (Marciano et al., 2018). Table 3 reveals
an initial convergence in some of the guidelines originating
from the archival literature with the computation method-
ologies for the use of AI, since in 5 of the guidelines there
is a provision for steps in the analyzed methodologies. It
should be noted that on the one hand, the guidelines that
we have elaborated are specific (Integrate professionals or
professors in archives or recordsmanagement), while on the
other hand, the steps of the methodologies are more generic
(Business understanding) due to their enormous scope of
application, as is evidenced in the very expression “Cross-
Industry” of CRISP-DM, one of the studied methodologies.

Table 8 presents the adherence to the guidelines. For
guideline no. 1 of “Integrate professionals or professors in
archives or records management”, we identified that most
of the experiments meet the criteria (54.1%), of which four
were projects within the scope of public archives (NARA,
NSWSA, National Archives of Korea and Victoria). The
form of this collaboration was quite varied, with the preva-
lence of authors (8), followed by focus groups and inter-
views with specialists (4), and with archival institutions as
project managers (3). The sum is greater than the number of
experiments because in some of them, more than one form
of collaboration was observed.

In the computer science literature, domain knowledge
appears as a fundamental basis to be captured during the
experiment, since the ML paradigm requires quality data

Table 7. Verification of compliance with the guidelines in the
researched experiments.

Reference 1 2 3 4 5 6

Marcus, 2002; Shinkle, 2017 √

Cohen et al., 2004 √ √ √

Bennett and Carbonell, 2005 √

Carvalho and Cohen, 2005 √ √

Goldstein and Evans Sabin, 2006 √ √

Lampert et al., 2010 √ √ √

Alberts and Forest, 2012 √ √ √ √

Alberts and Vellino, 2013 √ √ √

Esteva et al., 2013 √

Vellino and Alberts, 2016 √ √ √ √

Liu et al., 2017 √

Kim et al., 2017 √ √

Rolan et al., 2019 √ √

Rolan et al., 2019; Public Record
Office Victoria, 2018

√ √

Hutchinson, 2018 √ √

Binici, 2019 √ √

Shu et al., 2020 √ √

Anderson, 2021 √ √ √ √ √

Wang et al., 2021 √

Tkachenko and Denisova, 2022
Franks, 2022 √ √ √

Brokensha et al., 2023 √ √

Payne, 2023 √ √ √

Watanabe and Sousa, 2023 √ √

Note: The√ symbol indicates compliance with the corresponding
guideline.

and pre-existing outputs to train the algorithms (Banh and
Strobel, 2023). The human participation of professionals
or professors in archives or records management appears as
essential in the perspective of Human-in-the-loop machine
learning (Mosqueira-Rey et al., 2023), which values human
interaction in different types:
• Active Learning: values human annotation to label un-
marked data and increase the model’s accuracy, which
will also have a strong relationship with guideline no. 3;

• Interactive Machine Learning: values human collabora-
tion to guide learning and perform various tasks, where
human specialists are better able to explain how tasks
should be performed and with what quality;

• Machine Teaching: values human expertise to transfer
knowledge to the machine learning model, as human ex-
perts can develop strategies on how to teach the machine
according to the peculiarities of the way it learns;

• Curriculum Learning: values human organization of
learning to guide the machine efficiently, starting with
the presentation of examples in increasing levels of dif-
ficulty, which only a human specialist is able to elabo-
rate;
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Table 8. Guidelines for using AI in automatic records and archives classification experiments: quantitative adherence.
Id Guidelines Quantity Percentage

1 Integrate the knowledge of archivists or record managers 13 54.1%
2 Consider the provenance and context of records and archives 18 75.0%
3 Taking care of data quality 13 54.1%
4 Include different perspectives 6 25.0%
5 Ensuring algorithmic accountability 0 00.0%
6 Provide explainability for predictions 4 16.7%

Total 57 37.5%

• Explainable AI: values the human capacity to understand
and trust AI models based on the generation of explain-
able models, which depend on the evaluation of human
specialists to be improved, which also has a direct rela-
tionship with guideline no. 6;

• Usable and Useful AI: values the design of human-
computer interaction to create practical and accessible
solutions, in which human experts can contribute based
on the knowledge they have of how users interact with
the documents and thus assist in the design and evalua-
tion of the AI system.

To maximize the contribution of specialists, Marciano
(2022) suggests that the development of AI solutions should
be iterative, involving the prototyping, testing, and adap-
tation of the solutions. In this way, the refinement and
continuous improvement of the model is allowed based
on the feedback from archivists and the analysis of results
(Amozurrutia et al., 2023).

As Tognoli and Guimarães (2020) emphasize, prove-
nance operates as the primary classification mechanism in
archival knowledge organization, creating meaningful in-
tellectual boundaries that reflect the administrative realities
of record creation. However, in the experiments reviewed,
provenance consideration frequently manifests as simple
metadata extraction rather than the deep contextual under-
standing that archival theory demands. For instance, while
Wang et al. (2021) included “issuing institution” and “re-
ceiving institution” as variables, and Kim et al. (2017) in-
corporated “metadata of related records”, these approaches
fail to capture what Duranti (1993) characterizes as the full
scope of “archival material, its provenance and documen-
tary context, interrelationships and how it can be identi-
fied and used”. The experiments demonstrate technical ac-
knowledgment of provenance without achieving the inter-
pretive depth that Chabin (2020) achieved in the French
Great National Debate, where diplomatic analysis enriched
the AI model’s understanding of documentary context.

The much lower adherence to guidelines that reflect
original order (implicit in preserving context) and the com-
plete absence of algorithmic accountability (the new form
of archival description) are telling. This suggests that the
ML experiments analyzed succeed at a rudimentary level of
content-based categorization but largely fail at the more so-
phisticatedKO task of preserving and representing the com-

plex, evidence-based relationships that define an archive.
They classify records as isolated items, not interconnected
components of a larger, organic knowledge system. This
trend points to a significant risk: the efficiency of automatic
classification may come at the expense of the very contex-
tual richness that archival KO practices were designed to
protect.

In stark contrast, the work of Payne (2023) with
the STACC (State, Temporality, Attachment, Context, and
Content) framework exemplifies a deep approach. Rather
than merely using authorship metadata, STACC attempts
to model archival reasoning itself, operationalizing com-
plex concepts like the “archival bond” and the “transac-
tional/supporting” nature of a document into computation-
ally tractable features. This distinction is fundamental:
whereas the superficial approach performs content cate-
gorization assisted by metadata, the deep approach aims
for true archival classification that preserves context. The
prevalence of the former over the latter explains the central
paradox of this study: a high formal respect for provenance
coexisting with a systemic failure to preserve the archive’s
relational integrity, effectively treating it as a mere collec-
tion of data to be mined, not an organized knowledge sys-
tem.

The computer science literature seems very conver-
gent with that of archival science regarding guideline no.
3 “Taking care of data quality”. The data science and AI
methodologies CRISP-DM, RAMSYS, DST, and TDSP
expressly provide for steps to deal with data quality, as ex-
pressed in Table 3. And Trustworthy AI requires reliable
data beyond the traditional criteria of precision, complete-
ness, and consistency, to also encompass requirements re-
lated to equity and the prevention of biases (Kaur et al.,
2023), which reveals a strong relationship with guideline
no. 5 to be addressed below.

A little more than half of the experiments meet guide-
line no.3 (54.1%), which was manifested in different forms,
such as the need for human review of the data set used in
model training to ensure the production of better results
(Binici, 2019). In five experiments (20.8% of the total), the
Kappa indicator was used, a statistical measure that mea-
sures the degree of agreement or agreement between two
or more evaluators in the range of –1 to 1, thus offering
a more precise assessment of consistency between assess-
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ments. However, the greater investment in data quality has
the side effect of reducing the set of documents suitable for
use. The experiment with the largest number of documents
was Liu et al. (2017) with 3600 documents, which is far
from being a representative sample of the diversity of most
document collections of institutions today. The need for
prior annotation of all documents is linked to the use of ML
in supervised learning (Emmert-Streib and Dehmer, 2022),
which was the option of practically all the experiments an-
alyzed (95.8%). Therefore, a possible path may be the use
of semi-supervised learning, which uses the combination
of a small set of annotated documents that will serve as a
basis for the automatic annotation of a large volume of doc-
uments. This path is advocated by Shu et al. (2020), who
consider the need to elaborate large-scale annotated training
data for model learning, which has proven to be unfeasible
given the high costs and a lot of time to be invested, as well
as situations related to the privacy of personal data.

The problems highlighted by Kim et al. (2017) and
Binici (2019) in the classification plan regarding hierar-
chical structure, lack of specific classes, and absence of
scope notes would have influenced the quality of the train-
ing data due to greater divergence between annotators. And
in turn, the problems accumulated in these two groups may
end up damaging the results obtained by the classification
model. Records classification plans, as knowledge orga-
nization systems, can provide an explicit representation of
the relationships between records, in order to facilitate the
understanding of the context and importance as evidence
(Frendo, 2007), which we consider an essential stage of
projects. A classification plan with clear and mutually ex-
clusive classes helps train the prediction model, as the algo-
rithms are trained from records that fall into each category
and from iterative reviews of additional records (NARA,
2014).

Regarding guideline no. 4 “Include different perspec-
tives”, which was verified in 33.3% of the experiments, the
ISO/IEC TR 24027:2021 standard (ISO/IEC, 2022) states
the need for the project team to have a diverse composition,
including contributions from experts in ethics, social sci-
ences, quality, and privacy. One of the risks is social bias,
which consists of the unfair treatment shared in a society,
which may be encoded and perpetuated through organiza-
tional policies and MLmodels that learn historical patterns.
Hence, the need to establish strategies for treating bias at all
stages of the life cycle of an AI system, from the analysis
of requirements to deployment and monitoring, which in-
volves consideration of external and internal requirements,
acceptance criteria, training data, adjustment, fairness met-
rics, among other points.

The forms of inclusion of different perspectives in the
experiments were done in different ways. We can mention
themeeting of amultidisciplinary advisory board composed
of cybernetics scholars and technologists and the test with
a focus group to understand the needs of different users

done by Anderson (2021). This experiment is in line with
Padilla’s suggestion (2019) to form committees and audit
the methods used as a proposed measure to mitigate these
risks. Alberts and Forest (2012) included the perspective
of users of email classification systems, and Franks (2022)
also included researchers. In five experiments, groups of
annotators were integrated for the same documents as a
measure to capture different views and calculate the inter-
annotator agreement indicator (Cohen et al., 2004; Gold-
stein and Evans Sabin, 2006; Lampert et al., 2010; Vellino
and Alberts, 2016; Payne, 2023).

For guideline no. 5 of “Ensuring algorithmic account-
ability”, the literature has advanced significantly, but it is
a very recent topic, in which the definition of Trustworthy
AI was developed only in the early 2020s (ISO/IEC, 2021).
This seems to be a determining reason why none of the ex-
periments managed to meet the minimum requirements of
the guideline, which range from data protection principles
such as privacy and ethical principles to the tracking and
auditing of results. Of all the data science and AI method-
ologies, only CDAC, which is the most recent of all, con-
templates the “Review data and AI ethics” phase (Silva and
Alahakoon, 2022). This is a phase that goes far beyond the
simple technical verification of the data because it repre-
sents a deep commitment to responsibility, inclusion, and
themitigation of risks inherent in the implementation of eth-
ical AI systems that are fair and aligned with the values of
society, in addition to being effective.

To face these challenges, Kaur et al. (2023) propose
the “Human-Centered Approach to Trustworthy AI (Hu-
man + AI)”, which provides for human participation in all
stages, from the design of the AI system, through develop-
ment and use, and to subsequent supervision, which is close
to the understanding of Cushing and Osti (2023). As a way
to materialize this approach, Kaur et al. (2023) propose
several techniques and methods to meet the requirements
of Trustworthy AI in relation to equity, explainability, ac-
countability, privacy, and acceptance. Due to the complex
and probabilistic nature ofmanyAI systems, the authors un-
derstand that traditional software testing techniques may be
insufficient and, therefore, consolidated some approaches
for the verification and validation of Trustworthy AI which
are the Metamorphic Test (verification of the system based
on the relationships between its inputs and outputs, without
depending on an oracle to define the expected result), Ex-
pert Panels (human experts evaluate the performance and
safety of AI systems), Benchmarking (comparison of the
AI system’s performance with established benchmarks, us-
ing standardized data sets to assess their accuracy and ro-
bustness), Field Testing (evaluation of the AI system in real
environments with the observation of its behavior in prac-
tical scenarios and with real users), and Comparison with
Human Intelligence (performed in specific tasks to assess
the ability of the AI system to replicate or surpass human
intelligence).
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An important concept for Trustworthy AI is the prove-
nance of AI systems, which seeks to provide a detailed
record of the origin, processing, and transformations of data
about each step of the process (Kale et al., 2023; Rolan et
al., 2019). AI provenance brings as benefits increased trans-
parency, support for explainability, promotion of repro-
ducibility, help in identifying biases, and facilitation of au-
diting and debugging, which are valued by Jaillant (2022a).
The models, languages, and tools indicated to document
AI provenance are the PROV (Provenance Data Model) of
the W3C, ProvStore, Prov Viewer, and initiatives such as
OpenML andModelDB, in addition to the Renku andWho-
leTale platforms for practical application in research envi-
ronments. We can perceive a strong link between guideline
no. 5 and guidelines no. 3 (data quality), no. 4 (inclusion
of different perspectives), no. 6 (explainability), and no. 7
(privacy), which reveals that this is the guideline with the
largest number of dependencies with different work fronts,
which helps to understand its high complexity and, on the
other hand, the challenges in applying it in experiments.

In guideline no. 4 “Provide explainability for pre-
dictions”, 16.7% managed to meet the minimum require-
ments. Burkart and Huber (2021) indicate that the use
of self-interpretable (“interpretable by nature”) supervised
machine learning models, such as Decision Tree, Naive
Bayes, and kNN, can be considered a research decision that
favors explainability. There were nine experiments that
used “interpretable by nature” models as shown in Table 6.
However, the use of such models was not accompanied by
the researchers’ justification that the choice was made to
enable the explanation of the generated predictions. It is so
certain that only four experiments adopted measures to fa-
vor the explainability of the results. In the research project
of Anderson (2021), explainability is favored bymaking the
documents publicly available, as well as open access to all
the code and application used.

The other three experiments favored explainability
through the qualitative evaluation of the generated predic-
tions, which proved to be very important for understanding
the functioning of automatic classification, with its gaps to
support actions to improve the results. Alberts and Forest
(2012) developed rankings of discriminant features with the
chi-square value for each of the categories, which help the
reader to interpret the model results and analyze the docu-
ment collection itself. However, it should be noted that this
analysis was exploratory since the authors did not use the
conclusions of the most important characteristics to elimi-
nate the less important ones and thus optimize the results
and the model’s own explainability. Next, the authors dis-
covered that the most discriminating non-lexical character-
istics were related to the sender and the addressee (e.g., so-
cial network, hierarchy, mailing lists). The presence of for-
matting (bold, capital letters) and attachments also proved
to be relevant. Concerning the lexical characteristics, the
keywords specific to each category were identified (e.g.,

“approve” for action-authorization, “meeting” for action-
meeting), and the lexical analysis revealed nuances in the
language and tone of each category.

Kim et al. (2017) identified the types of errors in the
model results as class coverage, classification error due to
a lack of correspondence between the content and the class
indicated by theAI, classification errors in the learning data,
class ambiguity, overfitting, and situations in which it was
not possible to determine the cause. Binici (2019) lists rea-
sons related to the classification plan that cause the algo-
rithm tomakemistakes, such as the hierarchical and content
structure of the plan, including the lack of proper classes.
He points out that the uncertainty caused by the simplic-
ity of class titles and the lack of additional explanations
in the filing system creates uncertainty, the use of simi-
lar subtitles in different hierarchies causes confusion, the
presence of more than one subject in the document creates
uncertainty in the notation, and carelessness in the anno-
tation can motivate errors. In these two experiments, we
can see that the focus was on explaining the reasons for the
wrong predictions, which brings important conclusions by
detecting errors in the quality of the data and in the classi-
fication schemes used, which can be later corrected so that
the model can be trained again and thus generate better re-
sults. However, the focus of these two experiments only on
the errors ends up bringing a partial explanation about the
model’s predictions. One problemwith this approach is that
it does not analyze whether the correct classifications were
made based on discriminant features that are not based on
archival theory.

As warned by Ranade (2018), we cannot sacrifice the
nuances in the confusing data of the archives through its
improper cleaning or the imposition of structure or order
where they did not exist. This is because archival data
are probabilistic in nature, and dealing with this reality
should require transparency regarding this uncertainty with
the adoption of tools and approaches that embrace it.

Once the individual analysis of each guideline has
been completed, from this point we will address general as-
pects of the research results. A very significant challenge
of this research resided in the diversity of methodological
procedures used in the analyzed experiments. On the other
hand, we did not locate methodologies or frameworks that
could help in the comparison of automatic classification ex-
periments of archival documents. Therefore, based on a re-
view of the theoretical literature in the area, it was possi-
ble to elaborate the six guidelines based on theories in the
area that allowed us to first identify the main research ques-
tions related and, second, to serve as solid parameters for
evaluating the experiments carried out. Another important
challenge to be highlighted is that the technical knowledge
of computer science required a dual effort in the research
to (i) understand the concepts, methods, and techniques of
AI and (ii) identify points and forms of articulation with
archival science.
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Moving forward, the field requires what Wing (2006)
describes as true computational thinking: multi-layered ab-
stractions that reflect human rather than computer thinking.
In the archival context, this means developing algorithms
that can represent and process the complex relationships
Duranti (1993) identifies—not just between documents but
between documents and their contexts, creators, and com-
munities. It means creating systems embodying what Mar-
ciano et al. (2018) envision for CAS: genuine transdisci-
plinary integration that transforms archival and computa-
tional practice.

It seems to us that a solution to advance studies on
automatic classification in records and archives is to struc-
ture a methodological framework, which can be defined as
a structured practical guideline or a tool to guide the user
through a process, which is organized in stages or in a step-
by-step approach (McMeekin et al., 2020). This is because
the data-formatted documents demand the need to create
tools, methodologies, and approaches for using and ana-
lyzing files as data, as proposed by Moss et al. (2018).
Themethodological framework includes a “set of structured
principles” and a “sequence of methods” (McMeekin et al.,
2020), as well as an “approach to make explicit and struc-
ture how a certain task is used” (Andrade et al., 2009), and a
“body of methods, rules, and postulates employed by a spe-
cific procedure or set of procedures” (Rivera et al., 2017,
used by Rivera et al., 2017). The methodological frame-
work would bring as benefits improving the consistency,
robustness, and documentation of activities (Rodgers et al.,
2016), increasing the quality of research, standardizing ap-
proaches (Squires et al., 2016), as well as maximizing the
reliability of results (Kallio et al., 2016).

8. Conclusions
This article sought to bridge the gap between classi-

fication theory and AI practice by answering two guiding
questions: (1) What are the fundamental guidelines for ap-
plying AI to records and archives? Furthermore, (2) How
closely do current experiments in automatic classification
adhere to them? We begin by grounding our investigation in
the fundamental archival principles for classifying and or-
ganizing knowledge, as detailed in Section 2, establishing
that provenance, original order, and hierarchical descrip-
tion are not mere administrative procedures but rather so-
phisticated forms of knowledge organization (Tognoli and
Guimarães, 2020; Duranti, 1993). From this foundation,
we synthesize a multidisciplinary literature review into six
evidence-based guidelines for implementing AI and con-
duct a comparative analysis of 24 experiments based on this
new framework.

Our analysis reveals a critical paradox. From one per-
spective, the experiments demonstrated significant respect
for the principle of provenance (75.0% adherence to Guide-
line no. 2), which recognizes the creator-record relation-
ship fundamental to classification within the KO frame-

work. This suggests that the core of archival thinking has
permeated computational practice. However, this approach
has remained superficial for the most part, failing to cap-
ture the deeper contextual integrity preserved by the prin-
ciples of the original order or the rich, hierarchical rela-
tionships articulated by archival description. The result is a
“datafication” of records that respects their provenance but
often strips them of their organic, narrative, and evidentiary
structure. It is as if the treatment accorded to records and
archives fails to distinguish them frommere data collection.

This study aimed to synthesize guidelines for devel-
oping AI projects in records and archives and to assess
whether existing automatic records classification experi-
ments adhere to these guidelines. Through a comprehen-
sive literature review spanning computer science, archival
science, and information science, we identified six critical
guidelines for the application of ML in the automatic clas-
sification of records.

The core findings emphasize the need for a collab-
orative, context-aware, and ethically grounded approach
to AI implementation in archival settings. Our analysis
of 24 experiments applying machine learning to automatic
records classification revealed a mixed landscape. While
some guidelines, such as considering provenance and con-
text (75.0%) and integrating archival expertise (54.1%),
were reasonably well-addressed, others, particularly algo-
rithmic accountability (0.0%) and explainability (16.7%),
were largely neglected. This highlights a significant gap be-
tween the theoretical understanding of ethical AI principles
and their practical implementation in records and archival
contexts. The relative strength in considering provenance
suggests a recognition of the inherent value of archival prin-
ciples, but the weakness in accountability and explainabil-
ity points to a need for greater awareness and application of
Trustworthy AI frameworks.

These findings have significant implications for both
theory and practice. Theoretically, this research contributes
to the emerging field of Computational Archival Science
(CAS) by providing a structured set of guidelines for de-
veloping AI-driven archival systems. The guidelines syn-
thesize knowledge from diverse disciplines and offer a
framework for integrating computationalmethodswith core
archival principles. Practically, our findings can inform the
design and implementation of future AI projects in records
and archives, promoting more responsible and effective use
of these technologies. They also serve as a checklist for
evaluating existing systems and identifying areas for im-
provement.

This study has limitations. First, the assessment of
compliance with the guidelines was based on published ar-
ticles, which may not fully capture the methodological nu-
ances of each experiment. Second, the binary assessment
of compliance did not allow for distinguishing levels of
adherence to the verification rules. Future research could
address these limitations by developing a comprehensive
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methodological framework specifically designed for eval-
uating AI applications in archival contexts is paramount.
This framework must have as elements the objectives, key
concepts, principles (the basic requirements for trustworthy
AI), guidelines (the standards to follow for developing AI
models), work processes (the necessary steps to the imple-
mentation of AI projects), tools and models (the AI frame-
works and algorithms), and metrics and indicators (quanti-
tative and qualitative measurements for the assessment of
results).

Future research should also focus on developing con-
crete strategies for implementing the guidelines identified
in this study. This includes developing tools and techniques
for data quality assessment, bias detection and mitigation,
and explainable AI. Furthermore, research is needed to ex-
plore the ethical implications of AI in archives, including
issues of privacy, access, and representation.

In conclusion, our findings underscore the importance
of a collaborative, context-aware, and ethically grounded
approach to AI, ensuring that these tools are used to en-
hance, rather than undermine, the core values of archival
science and the integrity of the historical record. This work
serves as a foundation for future research and practice, pro-
moting the development of more transparent, accountable,
and equitable AI systems for records and archives.
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