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Abstract
Artificial intelligence is increasingly transforming oral history from a static repository of recorded
testimonies into a dynamic, computationally mediated field of inquiry. This systematic mapping study
classifies and analyses the state of the art in AI-driven oral history findings from 35 primary studies
published between 2004 and 2025 to examine how artificial intelligence technologies are applied across
the oral history data pipeline. Guided by the PRISMA-ScR 2018 framework, a structured search across
Scopus, the ACM Digital Library, and Google Scholar was conducted to identify peer-reviewed research
on AI-driven practices in the creation, archival processing, analysis, and visualization of oral history
materials.

The field is evolving rapidly. Improvements in transformer-based automated speech recognition have
greatly reduced the transcription bottleneck, especially for high-resource languages and well-preserved
archival audio, though challenges remain for low-resource, accented, and noisy recordings. Additionally,
natural language processing and large language models are increasingly used to organize content,
analyse sentiment, and identify patterns related to memory and trauma. More recent research pushes AI
into immersive and conversational systems, making it not only a tool for analysing historical data but
also an active participant in public engagement and storytelling.

Despite these advances, the literature highlights persistent ethical and methodological challenges,
including the risk of cultural bias, the misrepresentation of traumatic narratives, concerns over data
sovereignty, and the loss of paralinguistic and embodied meaning in text-centred workflows. This review
identifies key structural gaps in current research. It highlights the growing emphasis in the literature on
human-in-the-loop and trauma-informed approaches, ensuring that computational efficiency is carefully
balanced with the interpretive and ethical commitments central to oral history practice.

Introduction
Oral history has long been established as a versatile and successful research tool that facilitates the
comprehension of diverse topics by recording human stories and subjective experiences (Addanan &
Abd Aziz, 2025). By documenting personal memoirs and filling gaps in written sources, oral history
bridges the divide between public and academic history, making individual stories more accessible to a
wider audience (Stratford, 2019). Traditionally, this discipline has relied on the manual recording and
interpretation of human stories to foster empathy and connection among communities. However, the
digital transformation has fundamentally altered the landscape of this discipline, introducing what
Alistair Thomson described as a paradigm shift in how oral history is recorded, archived, and
disseminated (Thomson, 2007; Smyth et al., 2023).

As digital archives grow exponentially in size, the traditional methods of manual transcription and
analysis have become unsustainable. For decades, the primary barrier to accessing these vast
audiovisual collections has been the transcription bottleneck, due to the immense time and cost required
to manually transcribe recordings to make them searchable (Lehečka et al., 2024; Picheny et al., 2019).
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Historically, oral history archives have been notoriously underutilized because their audio and video
contents were rarely indexed in depth, rendering them unsearchable beyond basic metadata (Frisch,
2016).

In response to these challenges, Artificial Intelligence (AI) and Machine Learning (ML) have emerged as
formidable assets in the preservation and innovation of intangible cultural heritage (Fu et al., 2025). For
the purposes of this review, AI is operationally defined to encompass computational systems capable of
probabilistic learning, pattern recognition, or generative output. This includes Automatic Speech
Recognition (ASR) to process vast multilingual collections (Byrne et al., 2004), Natural Language
Processing (NLP) to extract semantic meaning (Pessanha & Salah, 2021), immersive technologies to
visualize heritage in Virtual Reality (VR) environments (Franke et al., 2024) and generative and Large
Language Models (LLMs) which are further shifting the field from preservation to complex
computational analysis, allowing researchers to extract semantic patterns, sentiments, and even radical
intangibles regarding embodied knowledge (Kenderdine et al., 2021).

Despite the growing body of research on specific technological applications, such as sentiment analysis
of trauma narratives (Ashqar, 2025; Blanke et al., 2020) or the use of chatbots for disaster reporting (Tsai
et al., 2024), there remains a need to systematically evaluate how these technologies intersect across
the entire lifecycle of oral history data. Current literature often addresses these stages in isolation,
focusing either on the technical metrics of ASR (Gref, Koehler, et al., 2018) or the pedagogical
implications of digital testimonies (Kolb et al., 2025).

To structure the analysis, this review uses a four-stage representation of the oral history lifecycle:
creation, archiving/transcription, computational analysis, and visualization/exhibition. This pipeline
reflects how oral history materials move from recording to public engagement, and it provides a practical
lens for mapping where AI interventions currently occur. This conceptual pipeline is developed in this
review, informed by oral history practice and digital humanities work on archives and exhibition.

The purpose of this systematic mapping study is to explore how AI and digital tools are being integrated
into the oral history domain and to map their potential implications across the full data pipeline. To
achieve this, the study addresses the following research questions:

Q1. What AI technologies are being applied to oral history, and how are they distributed across the data
lifecycle?

Q2. In what application domains is AI applied to oral history?

Q3. What ethical, methodological, and interpretive challenges are reported in the literature regarding the
integration of AI into oral history practices?

The main contribution of this review lies in its capacity to bridge computational innovation and
humanistic inquiry. By extending analysis beyond text-based transcripts to include non-verbal signals
such as breathing and silence, and by incorporating embodied and immersive representations of
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heritage, the literature suggests a shift toward a post-documentary approach in which digital systems
function not merely as repositories but as generative spaces for historical interpretation. Understanding
both the capabilities and limitations of these technologies is essential to ensure that AI enhances
access and insight without compromising the ethical integrity of oral history.

Methodology
This study follows the Systematic Mapping Study approach, designed to ensure transparency, rigor, and
reproducibility in identifying, screening, and mapping existing scholarship on the intersection of AI and
oral history. The review process was guided by the PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses Extension for Scoping Reviews) framework (Tricco et al., 2018),
provides structured procedures for search strategy formulation, study selection, and reporting of
mapping and scoping reviews. Systematic mapping studies focus on structuring the research landscape,
identifying evidence clusters, and revealing knowledge gaps, rather than aggregating effect sizes as in
traditional systematic literature reviews (Petersen et al., 2015).

The main objective of this mapping study is to map and characterize how AI technologies are being
applied to oral history data and to identify emerging trends, technologies, and challenges across
different application domains.

Search Strategy
A comprehensive literature search was conducted in Scopus and the ACM Digital Library, selected for
their coverage of interdisciplinary research spanning computer science, digital humanities, and social
sciences. Google Scholar was also searched by the same terms, limited to the first 100 results sorted by
relevance. To identify additional relevant studies that may not have been indexed in the selected
databases. The search was conducted in Nov 2025.

The search strategy combined controlled vocabulary and free-text keywords using Boolean operators. To
ensure high relevance, queries were restricted to Title, Abstract, and Keyword fields. To capture the
interdisciplinary nature of AI applications in oral history, a multi-string search strategy was employed.
Rather than relying on a single compound query, four complementary Boolean search strings were
designed (Table 1), each targeting a different analytical dimension of the research questions.
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Table 1
Boolean search strings and query logic used for literature identification.

ID Search Focus Boolean Search String

S1 Core Intersection
(Oral History × AI)

("oral history" OR "digital oral history" OR "oral testimony" OR testimony
OR "witness testimony" OR "witness archives" OR "spoken narratives"
OR "cultural heritage") AND ("artificial intelligence" OR AI OR "machine
learning" OR ML OR "deep learning" OR "natural language processing"
OR NLP OR "large language model" OR LLM* OR "automatic speech
recognition" OR ASR OR "speech recognition")

S2 Context Domain
(Disaster & Crisis)

("oral history" OR "oral testimony" OR testimony OR "witness
narratives") AND ("artificial intelligence" OR AI OR "machine learning"
OR NLP OR ASR) AND ("climate disaster*" OR "climate change" OR
disaster OR crisis OR "environmental catastrophe")

S3 Pipeline Stage
(Archive,
Visualization,
Exhibition)

("oral history" OR "oral testimony" OR testimony) AND ("digital archive*"
OR "archival system" OR "data visualization" OR "digital exhibition" OR
"interactive exhibition" OR "testimony exhibition*" OR "virtual museum"
OR "Virtual Reality" OR "VR" OR "Augmented Reality" OR "AR" OR
"immersive exhibition") AND ("artificial intelligence" OR AI OR "machine
learning" OR NLP OR ASR)

S4 Computational
Methods & Tools

("oral history" OR "oral testimony" OR testimony) AND ("computational
analysis" OR "algorithm" OR "machine learning" OR "natural language
processing" OR NLP OR ASR OR "speech-to-text" OR "open source
archive" OR "digital humanities tool")

Additional refinements were made by filtering for English-language papers published between 2004 and
2025 (21 years).

Eligibility Criteria
To ensure the review focused on high-quality, relevant scholarship, strict inclusion and exclusion criteria
were applied (Table 2):
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Table 2
Inclusion and exclusion criteria applied for the selection of primary studies.

Inclusion Criteria: Exclusion Criteria:

• Peer-reviewed journal articles, full
conference papers, and select high-
relevance workshop papers or preprints
that provide unique technical insights or
specific context domain not yet available in
peer-reviewed journals.

• Studies explicitly applying or discussing
AI, ML, NLP, ASR, or immersive visualization
in relation to oral history, testimony, or
digital heritage.

• Papers published between 2004 and 2025
in English.

• Research contributing either empirical
results, system design, or conceptual
frameworks relevant to oral history.

• Non-peer-reviewed reports, editorials, or short
abstracts.

• Studies focusing solely on traditional digital
archives without AI or computational elements.

• Purely theoretical AI papers unrelated to cultural or
oral data.

• Articles that use “oral history” metaphorically (e.g.,
business or sports “histories”).

• Studies utilizing Immersive Technologies, Virtual
Reality (VR), Augmented Reality (AR), or 3D
visualization were included only if they served as the
interface for oral history computational data or AI-
driven interaction; purely descriptive digitization
projects were excluded.

Classification Scheme
To systematically categorize the heterogeneous body of literature, we developed a classification scheme
based on the oral history data pipeline. This framework synthesizes established models of the digital
curation lifecycle (Higgins, 2008) but is adapted specifically for the linear workflow of oral history
processing.

We selected this pipeline as our primary categorization lens because, unlike generic "big data" models, it
allows for the precise mapping of AI interventions to the specific archival functions they augment.
Studies were coded according to their primary contribution to one or more of four distinct stages:

Creation: Technologies used for elicitation, interviewing, and embodied capture.

Archive: Technologies for transcription, segmentation, and infrastructure.

Analysis: Technologies for semantic processing, sentiment analysis, and pattern recognition.

Visualization and Exhibition: Technologies for exhibition, VR interaction, and public engagement.

The conceptual structure of this analytical framework is illustrated in Fig. 1. Following classification,
data was extracted using a structured protocol to capture bibliographic details, context domains, and
specific technological interventions.

Study Selection and Screening Process
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The search strategy was designed to ensure comprehensive coverage of high-impact venues in both
Computer Science and Digital Humanities. The primary search was conducted in Scopus and the ACM
Digital Library (n = 248). These databases were selected as the primary indexing services because they
encompass the full proceedings of key conferences and high-impact journals relevant to the research
domain.

To mitigate publication bias and identify recent preprints or emerging scholarship not yet indexed in
primary databases, a supplementary search was conducted in Google Scholar. In accordance with
systematic review guidelines regarding the diminishing relevance of search engine results (Haddaway et
al., 2015), screening in Google Scholar was restricted to the first 100 results sorted by relevance. This
threshold was selected to balance recall with feasibility, as retrieval precision for relevant academic
content significantly decreases beyond this point. All identified records were processed for screening.
Bibliographic data was exported to Zotero (Zotero, 2024) for management and subsequently imported
into Rayyan (Ouzzani et al., 2016), a web-based tool used to facilitate independent, blinded screening.

The selection process consisted of three distinct phases applied against the eligibility criteria defined in
Table 2. In the first phase, titles and abstracts were reviewed to exclude clearly irrelevant items. This
phase excluded 241 records.

The remaining 107 records were sought for retrieval. After removing 7 technical duplicates identified
during full-text review, 100 unique studies were assessed in full. A total of 65 records were excluded for
failing to meet specific criteria, primarily due to the absence of an oral history focus or lack of an explicit
AI methodology.

To ensure comprehensive coverage of relevant venues not fully indexed in primary databases (Wohlin,
2014), the reference lists of the included studies were manually screened. No additional unique studies
meeting the inclusion criteria were identified in this phase. Consequently, 35 studies were included in the
final mapping.

Consequently, 35 studies met all eligibility criteria and were included in the final review. Figure 2, the
PRISMA-ScR flow diagram, summarizes this selection process.

Data Extraction
A structured data extraction protocol was developed to capture bibliographic metadata and intervention
characteristics from the included studies. The extraction focused on the intersection of technological
capability and oral history practice. The data extraction fields are presented in Table 3.
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Table 3
Data Extraction Fields and Categories

Category Description

Bibliographic
Details

Author(s), Year, Title, Source, DOI.

Context Domain The specific application area (e.g., Indigenous communities, Holocaust
testimonies, Cultural Heritage, Disaster Management).

Technological
Intervention

The specific computational tools utilized, classified into ASR/Transcription
models (e.g., Wav2Vec, Whisper), NLP/LLMs, or Immersive Technologies
(VR/AR).

Pipeline Stage Classification of the study's primary contribution into one of four stages:
Creation, Archive, Computational Analysis, or Visualization & Exhibition.

Outcomes &
Challenges

Reported benefits (e.g., efficiency, accessibility) and limitations (e.g.,
algorithmic bias, hallucination, ethical concerns).

Following data extraction, synthesis was conducted using a thematic analysis approach. To support
systematic comparison across studies, an analytical framework based on the oral history data pipeline
was employed as an organizing lens for synthesis. This framework was not treated as a methodological
intervention, but as a categorization scheme to map how different AI technologies intervene at distinct
stages of the oral history lifecycle.

Specifically, studies were coded according to their primary contribution to one or more of four pipeline
stages: Creation, Archive, Computational Analysis, and Visualization and Exhibition. This pipeline-based
framework enabled consistent classification of heterogeneous research contributions spanning
technical, human–computer interaction, and digital humanities perspectives.

Results

Descriptive Findings
This section details the descriptive characteristics of included publications, followed by a thematic
analysis organized around the lifecycle of oral history data. A complete inventory of the included studies,
detailing their specific methodologies and application domains, is provided in supplementary Table SI 1.

Descriptive Characteristics of the Field

Publication Trends and Temporal Evolution
The data indicate that the application of computational methods to oral history is currently undergoing a
period of rapid expansion. As shown in Fig. 3, research output has grown in recent years, with a distinct
surge in activity corresponding to the widespread adoption of advanced generative AI models.
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Specifically, the combined output from 2024 and 2025 accounts for 17 articles, which represents nearly
half (48.6%) of the entire review corpus. This concentration of recent scholarship suggests that the field
is moving from an experimental phase into a period of active implementation.

Qualitatively, this timeline reflects two distinct technological eras. The earlier period, anchored by
foundational work such as Byrne et al. (2004), focused largely on the technical challenges of transcribing
spontaneous speech using older statistical models. In contrast, the current spike in publication is driven
by the capabilities of Transformer-based architectures and Large Language Models, which have opened
new possibilities for semantic analysis and synthetic media (Lehečka et al., 2024; Cherukuri et al., 2025).

Geographical and Archival Concentration
The geospatial distribution of the included literature is not uniform. Instead, research activity coalesces
around specific centres of gravity, typically major digital archives or specialized computational linguistics
groups. As detailed in Table 4, the field is primarily dominated by two distinct research clusters: the
United States (n = 10) and Central Europe (n = 10), which together account for the majority of the
published research.

Table 4
Geographical distribution of primary studies and associated archival collections.

Region Count Primary Focus Key Archives / Collections

United States 10 Social & Clinical Application:
Trauma analysis, PTSD
prediction, Indigenous
sovereignty, community
storytelling.

USC Shoah Foundation (VHA),
Densho Digital Repository (JAIOH),
World Trade Centre Health Registry,
StoryCorps.

Central Europe

(Germany,
Czech Rep.)

10 Infrastructure & ASR:
Transcription portals, acoustic
modelling, multilingual ASR,
error correction workflows.

MALACH Corpus, CLARIN-D,
Regional Oral History Archives (e.g.,
Prague Spring).

Asia

(China, Japan)

3 Intangible Heritage: Dialect
preservation, rural traditions,
disaster memory.

Local Intangible Cultural Heritage
(ICH) Databases, Great East Japan
Earthquake Archive.

Middle East

(Israel,
Palestine)

2 Conflict & Memory: Connective
memory, sentiment analysis of
contested narratives.

Holocaust Testimonies, Nakba Oral
History Archive.

Global / Other

(UK, Canada,
Switzerland,
Portugal)

10 Embodied & Virtual Heritage: 3D
visualization, motion capture,
mining history, biocultural
memory.

Hong Kong Martial Arts Archive,
Industrial/Mining Archives,
Biodiversity Archives.

The North American Application Hub
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The United States is the largest single contributor to the corpus, producing research focused on high-
level applications and social impact. This cluster is heavily influenced by the presence of massive,
established repositories such as the USC Shoah Foundation’s Visual History Archive (VHA) and the
Densho Digital Repository of Japanese American incarceration narratives.

Research emerging from this region often bypasses foundational questions about infrastructure to
address complex sociological and clinical inquiries. For instance, Son et al. (2023) utilized the oral
histories of 9/11 responders not merely for archival preservation, but as clinical data to predict PTSD
symptom trajectories. Similarly, work surrounding the Densho collection has utilized advanced NLP to
map intergenerational trauma and semantic patterns within survivor testimonies (Chen et al., 2024a;
Cherukuri et al., 2025).

The European Infrastructure Hub
Parallel to the American focus on application, the Central European cluster, specifically Germany and the
Czech Republic, is defined by a rigorous focus on technical infrastructure and linguistic optimization.
This region acts as the engine room for oral history technology.

Researchers here have primarily concentrated on solving the transcription bottleneck for Germanic and
Slavic languages. Key initiatives include the development of the CLARIN Transcription Portal (Draxler et
al., 2025) and the optimization of ASR models specifically for the acoustic challenges of historical
recordings (Gref, Koehler, et al., 2018; Lehečka et al., 2024). Unlike U.S. studies, which often use off-the-
shelf commercial tools to analyse content, European studies usually contribute to the fundamental
engineering of these tools.

Global Perspectives on Heritage and Conflict
Beyond these two primary hubs, the review identified a dispersed but critical body of work addressing
Intangible Cultural Heritage and conflict narratives in the Middle East and Asia. These studies often arise
from urgent preservation mandates. For example, research from China (n = 2) focuses on utilizing
machine learning to document endangered dialects and rural oral traditions before they disappear (Fu et
al., 2025). Meanwhile, scholarship from the Middle East (Israel and Palestine) engages directly with the
role of AI in interpreting contested historical narratives, testing how Large Language Models handle
highly sensitive, polarized political testimonies (Ashqar, 2025; Bar-Gil, 2025).

RQ1: The AI-Oral History Data Pipeline

To understand where AI intervenes in the oral history lifecycle, this review mapped the included studies
into a four-stage pipeline: Creation, Archive, Analysis, and Visualization. As detailed in the mapping
matrix (Table 5), the literature is currently heavily skewed toward the Archive and Analysis stages,
reflecting a field that prioritizes processing existing backlogs over the development of new collection
methods.
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Table 5
Mapping of included studies across the Oral History Data Pipeline stages.

ID Author (Year) Short Title Creation Archive Analysis Visualization

1 Lehečka et al.
(2024)

Comparative Analysis
of Wav2Vec Models

  ✓    

2 Pessanha &
Salah (2021)

Computational Look at
OH Archives

  ✓ ✓  

3 Franke et al.
(2024)

Polyvocal Approach to
Virtual Heritage

      ✓

4 Wan & Luo
(2025)

Study of Anti-war
Memorial Hall

      ✓

5 Matsubayashi et
al. (2022)

Sustainable
Community Memory
Archive

✓ ✓   ✓

6 Fu et al. (2025) AI in Intangible Cultural
Heritage

  ✓ ✓ ✓

7 Sˇvec et al.
(2023)

Asking Questions
Framework

    ✓ ✓

8 Zhuang & Ma
(2025)

LLM-Powered
Simulations

✓     ✓

9 Meanwell et al.
(2024)

Automated
Transcription Service

  ✓    

10 Byrne et al.
(2004)

Automatic Recognition
of Spontaneous
Speech

  ✓ ✓  

11 Picheny et al.
(2019)

Challenging Speech
Recognition (MALACH)

  ✓    

12 Tsai et al. (2024) Co-Design with
Indigenous
Communities

✓      

13 Chen et al.
(2024)

Demystifying OH with
NLP (Densho)

    ✓  

14 Kolb et al. (2025) Visual Modality in
Digital Testimonies

      ✓

15 Bulín et al.
(2025)

Exploring Archives
Using AI

    ✓ ✓

16 Smyth et al.
(2023)

Multimodal
Approaches (Fourth
Paradigm)

    ✓  
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ID Author (Year) Short Title Creation Archive Analysis Visualization

17 Luzietti et al.
(2021)

FONTI 4.0: Speech-to-
Text Evaluation

  ✓    

18 Bar-Gil (2025) Holocaust
Remembrance in
Digital Age

  ✓ ✓  

19 Gref, Koehler, et
al. (2018)

Improved Transcription
for Digital Humanities

  ✓    

20 Gref, Schmidt, et
al. (2018)

Robust SR for German
Interviews

  ✓    

21 Rollo (2025) Memory & OH as
Biocultural Heritage

  ✓    

22 Cherukuri et al.
(2025)

LLMs for OH
Understanding

    ✓  

23 Pessanha (2022) Non-verbal Signals in
OH Archives

    ✓  

24 Salesky et al.
(2016)

Keyword Search
Assessment

  ✓ ✓ ✓

25 Halperin et al.
(2023)

Conversational
Storytelling Agent

✓      

26 Kenderdine et al.
(2021)

Radical Intangibles
(Embodied)

✓     ✓

27 Ashqar (2025) Sentiment Analysis of
Nakba Histories

    ✓  

28 Draxler et al.
(2024)

Speech Technology
Services

  ✓    

29 Brown & Shackel
(2023)

Text Mining in
Historical Archaeology

    ✓  

30 Karanikolas et al.
(2015)

Processing Oral
Dialectal Data

  ✓   ✓

31 Draxler et al.
(2025)

Transcribing with
Transcription Portal

  ✓    

32 Lehečka et al.
(2023)

Transformer-based SR
Models

  ✓    

33 Blanke et al.
(2020)

Neural Networks for
Holocaust Memories

    ✓  

34 Dueck (2024) AI for Indigenous Oral
Histories

  ✓    
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ID Author (Year) Short Title Creation Archive Analysis Visualization

35 Son et al. (2023) Predicting PTSD with
AI (WTC)

    ✓  

The resulting distribution shows a pronounced concentration of research activity in the Archive and
Analysis stages. The Archive stage is the most prominent, with 18 studies (51.4%) applying AI to
transcription, segmentation, or archival infrastructure. The Analysis stage follows closely, represented by
15 studies (42.9%) focusing on computational interpretation of oral history data. In contrast, AI
applications in the Creation stage remain limited, appearing in only 5 studies (14.3%), while 11 studies
(31.4%) address Visualization and Exhibition (Fig. 4). Percentages reflect the proportion of studies
associated with each pipeline stage; because several studies span multiple stages, percentages do not
sum to 100%.

AI in Creation: Active Elicitation and Embodied Capture
Research addressing the Creation stage remains limited (14.3%), accounting for a small portion of the
corpus, yet it introduces a significant conceptual shift. Rather than treating AI as a passive post-
processing tool, these studies position it as an active agent in the generation of oral history materials.
Conversational Storytelling Agents (CSA) have been deployed to support large-scale narrative collection
in contexts such as housing insecurity and disaster management, demonstrating that AI-mediated
interviewing can reduce social pressure for some narrators and facilitate more open disclosure (Halperin
et al., 2023; Tsai et al., 2024).

Beyond facilitation, a small subset of studies explores AI-driven simulation and embodied capture as
boundary cases for oral history creation. Zhuang and Ma (2025) for example, employed large language
models to generate synthetic historical dialogue, positioning simulation as a speculative tool for
examining under-documented or counterfactual perspectives rather than as a substitute for human
testimony. Similarly, Kenderdine et al. (2021) expanded the notion of historical record through the
concept of “radical intangibles,” integrating motion capture and AI to preserve embodied cultural
knowledge such as martial arts traditions. While these approaches depart from conventional testimonial
practice, they engage with longstanding oral history concerns regarding voice, presence, and the limits of
archival representation. Taken together, they illustrate how AI-enabled creation functions less as a
replacement for oral testimony and more as a site where the boundaries of oral history are actively
negotiated.

The Archive Stage: Solving Scale and Multilingualism
The Archive stage represents the most developed area of AI application, encompassing 18 studies
(51.4%). Research in this category focuses primarily on automated transcription, segmentation, and
scalable archival services. Multiple studies evaluate transformer-based speech recognition models on
spontaneous and accented oral history speech, consistently reporting improvements over earlier
acoustic modelling approaches (Byrne et al., 2004; Lehečka et al., 2024).
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In addition to model evaluation, several studies describe the implementation of large-scale transcription
infrastructures. Systems such as the Automated Transcription Service (Meanwell et al., 2024) and the
Transcription Portal (Draxler et al., 2024, 2025) are reported to support batch processing and human-in-
the-loop correction workflows, enabling the transcription of previously inaccessible archival collections.
Studies focusing on multilingual and Indigenous datasets report variation in transcription accuracy
across languages and dialects, particularly in contexts involving code-switching or low-resource speech
(Dueck, 2024).

Computational Analysis: Semantic and Affective
Interpretation
The Analysis stage is addressed by 15 studies (42.9%) and reflects a shift from retrieval-based
approaches toward computational interpretation of meaning, affect, and psychological states. Several
studies apply machine learning models to identify trauma-related linguistic patterns in oral history
narratives. For example, (Son et al., 2023) report that predictive models trained on oral histories of World
Trade Centre responders can estimate PTSD symptom trajectories.

Other work applies natural language processing and large language models to semantically organize
large oral history collections. Cherukuri et al. (2025) demonstrate that LLM-based classification can
group incarceration narratives into thematic categories at scale, while Chen et al. (2024) apply topic
modelling techniques to improve navigation in Holocaust testimony archives. Beyond text, some studies
incorporate paralinguistic features into analysis. Pessanha (2022) reports that acoustic signals such as
breathing and silence can be computationally extracted and used to estimate psychological distress.

Visualization & Exhibition: Interactive and Immersive
Interfaces
AI-supported Visualization and Exhibition appear in 11 studies (31.4%) and focus on public-facing
engagement with oral history collections. These studies primarily examine interactive digital testimonies,
virtual reality environments, and immersive exhibition designs that integrate AI-driven retrieval or
generative systems. Kolb et al. (2025) report increased user engagement in three-dimensional interactive
testimony environments compared to two-dimensional interfaces. Other studies describe virtual
exhibitions designed to present multiple historical perspectives within a shared digital space. Franke et
al. (2024) and Wan & Luo (2025) report the use of spatialized virtual environments to enable users to
navigate divergent or conflicting narratives associated with cultural heritage and memorial contexts.
Across this category, AI systems function primarily as computational backends that support retrieval,
generation, or conversational interaction within immersive presentation frameworks.

The reviewed literature exhibits a balanced but differentiated methodological landscape, reflecting
parallel advances in infrastructural processing, computational interpretation, and experiential mediation.
As summarized in Table 6, research activity is distributed across three non-exclusive methodological
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categories, indicating that many studies integrate multiple technical approaches rather than adhering to
a single paradigm.

Table 6
Distribution of primary studies by methodological focus (N = 35), categories are non-exclusive, individual

studies may contribute to multiple methodological areas.
Methodological
Category

Number
of
Studies

Percentage
(N = 35)

Key Technologies Representative
Studies

Infrastructure and
Signal Processing

17 48.6% Automatic Speech
Recognition (ASR),
acoustic modelling,
multilingual
transcription,
segmentation pipelines

(Byrne et al., 2004;
Draxler et al., 2025;
Gref, Schmidt, et al.,
2018; Lehečka et al.,
2024; Meanwell et al.,
2024)

Computational
Interpretation and
Meaning-Making

16 45.7% Natural Language
Processing (NLP), Large
Language Models
(LLMs), topic modelling,
sentiment and trauma
analysis, semantic
clustering

(Ashqar, 2025; Blanke
et al., 2020; Chen et
al., 2024a; Cherukuri
et al., 2025; Son et al.,
2023)

Experiential,
Embodied, and
Interactive
Systems

17 48.6% Virtual and augmented
reality (VR/AR),
interactive digital
testimonies (IDT),
conversational agents,
affective computing,
embodied capture

(Franke et al., 2024;
Halperin et al., 2023;
Kenderdine et al.,
2021; Kolb et al.,
2025a; Pessanha,
2022)

Infrastructure and Signal Processing represent one of the most established areas, accounting for nearly
half of the reviewed studies. Work in this category focuses on addressing the long-standing transcription
bottleneck in oral history through advances in ASR, acoustic modelling, and scalable archival services.
Early studies highlighted the difficulty of processing spontaneous, accented, and emotionally charged
speech, while more recent contributions demonstrate substantial performance gains through
Transformer-based architectures and the deployment of production-level transcription platforms (Byrne
et al., 2004; Lehečka et al., 2023; Meanwell et al., 2024). The presence of multiple large scale service-
oriented systems further indicates a shift from experimental prototypes toward operational
infrastructure that supports human-in-the-loop correction and archival workflows (Draxler et al., 2024,
2025).

Computational Interpretation and Meaning-Making constitutes a second major methodological strand,
emphasizing the extraction of semantic, affective, and thematic structure from oral history materials.
Studies in this category move beyond retrieval-oriented indexing to model meaning at scale, applying
natural language processing and large language models to cluster narratives, detect thematic patterns,
and analyse trauma-related language (Chen et al., 2024a; Cherukuri et al., 2025; Son et al., 2023). Several
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works extend this approach by incorporating affective and non-verbal signals, challenging text-centric
assumptions and demonstrating that emotional and physiological cues embedded in audio recordings
carry significant interpretive value (Pessanha, 2022). Collectively, these studies position AI not only as a
tool for access but also as a mechanism for large-scale interpretive analysis.

Experiential, Embodied, and Interactive Systems represent an equally prominent methodological
orientation, highlighting growing interest in how AI-mediated oral history is encountered by users.
Research in this area emphasizes immersive environments, conversational agents, and interactive digital
testimonies designed to facilitate engagement, dialogue, and embodied understanding. Virtual reality
and interactive testimony systems have been shown to enhance user engagement and perceived social
presence, while also introducing new design and ethical considerations related to authenticity and
representation (Franke et al., 2024; Kolb et al., 2025). In parallel, conversational storytelling agents are
increasingly used not only for exhibition but also for data creation, enabling the collection of
contemporary narratives in contexts where human interviewing resources are limited (Halperin et al.,
2023; Tsai et al., 2024). Work on embodied heritage further expands the scope of oral history by
capturing physical performance and movement alongside spoken narratives, underscoring a broader
redefinition of what constitutes historical evidence (Kenderdine et al., 2021).

Across these methodological categories, the frequent overlap between classifications highlights the
inherently interdisciplinary nature of this research area. Rather than advancing through a linear sequence
from infrastructure to analysis and then to experience, many studies combine multiple approaches
within a single research design. This pattern reflects a field that is simultaneously strengthening its
technical foundations while actively exploring new forms of historical interpretation and mediation.

RQ2: Distribution by Context Domain
To examine the primary contexts in which AI is applied to oral history, the included studies were
categorized into four context domains. As shown in Table 7, research in this area is predominantly
concentrated on historically and socially sensitive materials rather than on technical archival
management alone.
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Table 7
Distribution of primary studies by research context domain (N = 35).

Context Domain Count Percentage Key Focus Areas

Historical Testimonies,
Trauma, & Memory

17 48.6% Computational memory studies, narrative
fidelity, Holocaust & conflict archives, trauma
prediction.

Cultural Heritage &
Digital Archives

8 22.9% Archival infrastructure, searchability,
multimodal digital humanities theory,
museology.

Disaster, Crisis, &
Resilience

5 14.3% PTSD prediction, affective computing, social
crisis (e.g., housing insecurity), disaster
management.

Endangered Languages
& Intangible Heritage

5 14.3% Preservation of dialects, Traditional Ecological
Knowledge (TEK), embodied heritage.

The largest category, Historical Testimonies, Trauma, and Memory, accounts for nearly half of the
reviewed corpus (n = 17, 48.6%). Studies in this domain primarily engage with collections documenting
conflict, genocide, and human rights violations, where AI is applied to support large-scale analysis of
emotionally complex narratives (Bar-Gil, 2025). These works frequently focus on identifying patterns
related to trauma, memory, and narrative structure within extensive testimonial archives such as the
Visual History Archive.

The second largest group, Cultural Heritage, and Digital Archives (n = 8, 22.9%), addresses challenges
related to the organization, accessibility, and discoverability of large digital collections. Research in this
domain emphasizes archival infrastructure, search functionality, and multimodal representation within
digital humanities and museum contexts.

The remaining domains, Disaster, Crisis, and Resilience (n = 5, 14.3%) and Endangered Languages and
Intangible Heritage (n = 5, 14.3%), represent more specialized but emerging areas of application. In these
studies, AI is used to document time-sensitive knowledge, support crisis response, or preserve
endangered linguistic and cultural practices, often in contemporary or near real-time settings.

RQ3: Ethical and Methodological Challenges
The integration of AI into oral history is not purely additive; it introduces significant friction between
computational logic and the ethical imperatives of the discipline. As summarized in Table 8, the review
identified four primary categories of challenge: interpretive loss, algorithmic bias, infrastructural opacity,
and ethical sovereignty.
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Table 8
Reported ethical and methodological challenges in AI-driven oral history.

Challenge Category Description Representative Studies

Loss of Paralinguistic
Fidelity

Automated transcription pipelines
systematically discard non-verbal signals
(breathing, silence, hesitation), resulting in the
loss of emotional meaning and flattening the
oral record into text.

(Gref, Koehler, et al.,
2018; Pessanha, 2022;
Pessanha & Salah, 2021)

Algorithmic Bias &
Cultural
Misinterpretation

Models trained in general, high-resource
datasets fail to capture the nuance of trauma
narratives or specific cultural contexts, often
misclassifying sentiment in politically
contested histories.

(Ashqar, 2025; Bar-Gil,
2025; Fu et al., 2025)

Infrastructural
Opacity ("Black Box")

The widening gap between historians and
engineers, combined with reliance on
commercial cloud services, renders archival
retrieval logic opaque and difficult to
interrogate.

(Brown & Shackel, 2023;
Meanwell et al., 2024)

Data Sovereignty &
Sustainability

Conflicts between open AI training and
Indigenous data protocols, the high
environmental cost (carbon footprint) of
training large multilingual models.

(Dueck, 2024; Tsai et al.,
2024; Lehečka et al.,
2024)

Discussion

Technical Applications and Contextual Domains
This systematic review examined how artificial intelligence is reshaping the practice and infrastructure
of oral history. Taken together, the findings point to a substantive paradigm shift: oral history is
increasingly treated not as a static repository of recorded voices but as a dynamic, computational
pipeline. While this transformation offers clear benefits in terms of scale, accessibility, and analytical
reach, it also introduces methodological, epistemic, and ethical tensions that challenge long-standing
principles of the discipline.

From Preservation to Active Elicitation
One of the most significant theoretical shifts identified in this review is the movement of technology
from a passive instrument of preservation toward an active agent in the creation of oral history.
Historically, recording technologies were designed to capture human testimony without shaping it. In
contrast, a small but growing body of work positions AI as an interlocutor, facilitator, or even simulator of
historical narratives.

Although research at the Creation stage remains limited, accounting for 14.3% of the corpus (n = 5), its
conceptual implications are substantial. Notably, studies in this domain tend to appear in Human
Computer Interaction venues rather than history journals (e.g., Halperin et al., 2023; Zhuang & Ma, 2025).

Page 18/29



This distribution suggests a disciplinary lag in which technical experimentation is advancing faster than
the development of humanities-based methodological and ethical frameworks. As a result, AI-mediated
elicitation currently evolves at the margins of oral history scholarship, raising questions about
authorship, agency, and the role of shared human vulnerability in testimonial practice.

The Tension Between Scale and Interpretive Fidelity
Across the Archive and Analysis stages, the literature consistently reveals a central tension between
computational scale and interpretive fidelity. Advances in transformer-based speech recognition have
resolved mainly the volume problem, enabling the transcription and indexing of previously inaccessible
massive oral history collections (Lehečka et al., 2023). However, this efficiency comes with trade-offs. As
Pessanha (2022) argues oral history meaning often resides in the breath, the pause, and the silence
features that text-centric ASR pipelines routinely discard. Consequently, the datafication of oral history
risks prioritizing what can be easily transcribed over what is felt. This reductionism extends to the
semantic layer, where the use of Large Language Models for sentiment analysis introduces the risk of
cultural flattening (Fu et al., 2025). Studies caution that models trained predominantly on Western, high-
resource datasets may misinterpret or oversimplify complex affective registers, particularly in survivor
testimonies and politically contested narratives (Ashqar, 2025; Bar-Gil, 2025). These findings underscore
that scalability alone does not guarantee epistemic accuracy in oral history research.

Organizational and Infrastructural Challenges: The "Black Box" Archive

The integration of AI into oral history archives also reshapes institutional labour and expertise. Several
studies highlight a widening gap between humanities scholars and the engineers who design and
maintain computational systems (Brown & Shackel, 2023). Without transparent, reproducible workflows,
historians risk becoming dependent on tools they cannot thoroughly interrogate, transforming archives
into black boxes where decisions about classification, relevance, and retrieval are algorithmically
mediated.

This challenge is compounded by infrastructural dependency. Reliance on commercial cloud platforms
introduces financial and sustainability concerns, particularly for small institutions and community-based
archives (Meanwell et al., 2024). For Indigenous communities and speakers of low-resource languages,
the costs associated with fine-tuning or maintaining custom models may be prohibitive, reinforcing
existing inequalities and increasing the risk of algorithmic exclusion (Dueck, 2024).

Ethical Frontiers: Sovereignty and Sustainability
Beyond technical and organizational concerns, the review identifies pressing ethical questions related to
data governance and environmental sustainability. Principles of Indigenous data sovereignty conflict
with extractive AI paradigms that treat oral histories as raw material for large-scale model training. As
Tsai et al. (2024) emphasize, openness does not equate to ethical availability. Communities must retain
authority over how their narratives are processed, represented, and repurposed.
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In addition, the environmental costs of large-scale computation are increasingly difficult to ignore. The
energy demands of training and deploying multilingual models introduce carbon footprint considerations
into what has traditionally been framed as a preservation-oriented field (Lehečka et al., 2024). These
concerns suggest that ethical evaluation of AI in oral history must extend beyond representational harm
to include ecological impact.

Limitation and Threats to Validity
While this review offers a comprehensive overview of current research, several limitations should be
acknowledged. First, the field of artificial intelligence evolves at a pace that often exceeds traditional
academic publication cycles. Many recent advances in generative AI are disseminated through preprints
and workshop venues (Cherukuri et al., 2025; Ashqar, 2025), meaning that one preprint study discussed
here has not yet undergone extended peer review. As a result, specific findings should be interpreted with
caution, particularly those involving rapidly emerging models and experimental systems.

The reviewed corpus also reveals a clear domain bias, with a strong emphasis on Holocaust-related
research drawing on large, well-established digital archives. While these collections provide valuable and
methodologically rich case studies, this concentration limits the generalizability of the findings to oral
history collections that have already been digitized. A substantial portion of oral history materials remain
in analogue formats due to financial, technical, or institutional constraints. This imbalance reflects a
broader digital divide within the field, where communities with limited digital infrastructure, including
many tribal nations and local historical societies, face persistent barriers to participating in
computational oral history research.

In addition, although studies on languages such as Czech and German are included, most advanced
semantic analysis tools discussed in this review are optimized for English. The performance and cultural
validity of sentiment analysis, topic modelling, and large language models in low-resource and non-
English languages remain underexamined within the current literature. This linguistic imbalance restricts
the applicability of many findings to global oral history contexts and underscores the need for more
inclusive computational approaches.

Finally, the literature reviewed is primarily characterized by short-term or project-based evaluations. Few
studies examine the long-term effects of AI-mediated oral history practices on narrators, communities,
or archives' interpretive practices over time. Consequently, the enduring social, ethical, and epistemic
implications of integrating AI into oral history infrastructures remain insufficiently understood and
warrant sustained longitudinal investigation.

Conclusion and Future Research Directions
This review demonstrates that artificial intelligence is fundamentally reconfiguring the oral history data
pipeline. By mapping existing research across the stages of Creation, Archive, Analysis, and
Visualization, the review reveals an uneven but rapidly accelerating integration of computational
methods into oral history practice.
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The Archive stage has achieved a high level of technological maturity, significantly reducing the
transcription bottleneck. The adoption of end-to-end Deep Learning models like Wav2Vec 2.0 and
Whisper has created a strong foundation for large-scale digitization, making vast collections that were
once inaccessible searchable. However, this technological progress shifts the challenge to the Analysis
stage, where interpretive risks increase. As AI systems transition from merely recognizing content to
inferring meaning, the risk of epistemic distortion rises, especially when dealing with traumatic or
politically sensitive narratives.

At the cutting edge of Creation and Visualization, AI offers new modes of engagement that challenge
traditional ideas about presence, empathy, and mediation. Interactive digital testimonies and immersive
exhibitions illustrate how sustained engagement can persist in a post-witness era, although the use of AI
agents for active elicitation remains debated. The rise of Conversational Storytelling Agents raises
questions about whether human interviewers are still necessary, and it raises ethical concerns about
shared vulnerability in documenting sensitive histories. Ultimately, this review argues that AI is not just a
tool for efficiency but an active mediator that transforms how memory interactions unfold. Success in
integrating these technologies depends on a Human-in-the-Loop approach that balances computational
power with curatorial ethics and trauma-informed practices.

Based on the gaps identified in this review, future research should focus on creating trauma-informed AI
architectures. Standard language models often overlook the seriousness of trauma, sometimes
hallucinating facts or softening negative sentiments in summaries. Future studies need to fine-tune
models specifically on oral history collections to accurately recognize linguistic indicators of trauma,
silence, and distress without misrepresenting them. Additionally, it is crucial to reconsider the dynamic
between human interviewers and AI systems. Instead of replacing humans, future approaches should
aim for augmented interviewing methods in which AI supports human inquiry by suggesting prompts or
identifying emerging themes in real time.

Ultimately, the field needs to go beyond traditional computer science metrics and create standardized
evaluation frameworks for humanities AI. Existing metrics like Word Error Rate (WER) provide only a
limited understanding of whether an oral history has retained its cultural and interpretive richness. It will
be crucial to develop interdisciplinary metrics that evaluate emotional accuracy, ensuring that
computational advancements align with the fundamental principles of oral history scholarship.
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Figures

Figure 1

Oral History Data Pipeline and Associated Computational Interventions
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Figure 2

PRISMA-ScR 2018 flow diagram illustrating the identification, screening, eligibility assessment, and
inclusion of studies examining Artificial Intelligence applications in oral history research.
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Figure 3

Annual distribution of included primary studies (n=35). The timeline reveals a significant hiatus following
foundational work in 2004, with a resurgence beginning in 2015 and an exponential increase in
publication volume observed in the 2023–2025 period.
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Figure 4

Frequency of papers with focus on different sections of Oral History pipeline
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