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Cultural archives hold invaluable historical records, yet outdated cataloging methods and

access barriers limit their usability. My dissertation addresses these challenges by integrating

data science, generative AI, and knowledge graphs to enhance engagement with Maryland’s

Legacy of Slavery (LoS) project collections. My two-pronged strategy focuses on (1) developing

computational tools to empower researchers and students to access and perform detailed data

analysis on archival datasets independently and (2) leveraging generative AI and knowledge graphs

to improve accessibility and contextual analysis. This dissertation synthesizes five interconnected

studies conducted between 2021 and the present, structured under three research objectives.

Research Objective I supports the first prong, while Objectives II and III collectively support the

second.

Research Objective I – Empowering Archival Practitioners through Data Science and

Computational Thinking: In Study 1 (published, 2021), I used a mixed-method exploratory case



study approach to develop interactive Digital Computational Notebooks (iDCNs) as educational

tools for archival studies through a step-by-step data science based analysis on one of the LoS

datasets. Designed based on a well-established computational thinking (CT) framework, iDCNs

integrate Python scripts, narrative explanations, and visualizations to guide students and archivists

in cleaning, analyzing, and interpreting LoS datasets. An IRB-approved user survey among

students and educators confirmed that iDCNs enhance technical proficiency and critical thinking,

making archival data more accessible for independent data analysis.

Research Objective II – Designing and Evaluating Generative AI Solutions for Enhanced

Access: Addressing the second prong of my strategy, in Study 2 (peer-reviewed, 2023; to be

published, 2025), I employed design science and an exploratory case study approach to develop

ChatLoS, a chatbot powered by Retrieval-Augmented Generation (RAG) and OpenAI’s GPT

models, allowing users to query one of the LoS datasets in natural language. By chunking

text for retrieval, ChatLoS preserved contextual relevance and eliminated the need for users to

understand data schemas. While it significantly improved accessibility, its reliance on RAG

introduced limitations, including ethical concerns, bias, data privacy risks, and constraints that

restricted the chatbot’s ability to handle complex, multi-step analytical tasks beyond targeted

searches. To address these, in Study 3 (published, 2024), I explored a comparative empirical

design in leveraging a generative AI Agent that enables dynamic complex data analysis beyond

targeted semantic search retrieval. Findings revealed that while RAG-based retrieval is optimal

for targeted semantic search with explainability, an AI agentic approach enhances exploratory

analysis, trend identification, and multi-step reasoning also with explainability. However, both

studies highlighted concerns about limited scalability across more extensive archival collections,

inaccuracies, inconsistencies, usage of proprietary GPT models, including ethical risks, and data



control.

Research Objective III – Evaluating and Optimizing Generative AI for Ethical and Scalable

Archival Access: To address issues identified in Objective II, the first study in this objective focused

on completing the development of a Knowledge Graph-based Retrieval-Augmented Generation

(KG-RAG) enhanced ChatLoS. This system integrates multiple LoS datasets—Certificates of

Freedom, Domestic Traffic Advertisements, and Manumissions—into a unified knowledge graph

that supports explainable, multi-hop reasoning grounded in archival provenance and explainability.

This ChatLoS version was further enhanced to promote transparency by providing source links

to scanned archival documents and surfacing internal query logs in a human-readable format.

This design enables users to understand how answers are generated and to verify the archival

trail. Following this, two systematic user evaluations were conducted using an evaluation rubric

grounded in the Activity Theory framework. These evaluations compared the current LoS access

systems to the three evolving versions of ChatLoS, revealing how each Gen-AI enhanced iteration

progressively mediated user interaction and resolved long-standing usability and interpretability

contradictions. This study demonstrated how a KG-RAG enhanced generative AI system can

resolve key contradictions in existing access methods by aligning tool behavior with archival

principles such as context, trust, and traceability. This also identified opportunities for future

work by introducing new contradictions. The second part of this objective evaluated four leading

LLMs—GPT-4o, Claude, Llama, and Gemini—across criteria such as security, accuracy, guardrail

customization, and multi-user deployment capabilities. Findings identified enterprise-grade models

like Azure OpenAI GPT-4o as more appropriate for sensitive archival applications.

The dissertation concludes with a synthesis of findings that integrates the results of the three

research objectives. It also highlights promising directions for future work, including participatory



community studies and interface enhancements to ensure equitable, transparent, and culturally

sensitive access to digital archives.
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Chapter 1: Introduction

1.1 Background and Signi�cance

Cultural archives serve as custodians of collective memory, preserving narratives that shape

historical understanding and contemporary identity [2]. Yet these archives are often underutilized

by the public and researchers due to barriers in access and interpretation [3]. Traditional archival

practices rooted in manual cataloging and reading struggle to keep pace with the scale and

complexity of digital-era collections. Many archives have become essentially large troves of

data preserved but not readily accessible to users [3]. For example, digitized collections like the

Maryland's Legacy of Slavery (LoS) project contain extensive data on enslaved individuals and

emancipated communities. However, unlocking insights from such data requires computational

analysis beyond conventional methods. This gap between archival wealth and accessibility has

been widely recognized as a critical challenge [3] [4]. Signi�cant portions of cultural heritage

remain unexplored without new approaches, and essential stories within these records stay untold.

At the same time, the rise of data science and arti�cial intelligence (AI) offers promising avenues

to bridge this gap. In particular, computational methods can dramatically enhance how we process,

analyze, and engage with archival materials [4]. AI has proven “essential for cleaning, exploring,

and visualizing archival and special collections” [4]. These technologies can facilitate what

was once impossible: rapidly extracting patterns from millions of records or conversing with an

1



archive in natural language. However, realizing this potential in archives comes with its challenges.

On one hand, cultural heritage institutions face a skills gap – many archivists, librarians, and

humanities scholars have not been trained in computational thinking or data science [3] [5]. On

the other hand, AI systems (especially generative AI (Gen-AI) [6] powered solutions like large

language models (LLMs) [7]) carry risks of ethical pitfalls – for example, they might introduce

inaccuracies or biases (“hallucinations” [8]) when applied to sensitive historical data [9]. The

convergence of these trends has created an urgent need for research that empowers users with

computational skills and develops AI-driven tools ethically and responsibly to enhance archival

access by overcoming these challenges.

This dissertation responds to that need by proposing a comprehensive approach to enhance

access to cultural archives through data science and Gen-AI, a two-pronged approach explained in

detail below. The signi�cance of this work lies in bridging the gap between traditional archival

practices and cutting-edge computational techniques [10]. In doing so, it contributes to the

emerging �eld of computational archival science (CAS), which formally blends archival science

and computational methods to tackle modern archival challenges [10]. Ultimately, the goal is to

transform how cultural archives are accessed and interpreted (e.g., those of enslaved individuals

in Maryland's history from the LoS collections). This transformation is not just technical – it

has profound implications for education, research, and community engagement around archives.

Researchers and students can ask new questions about historical data; librarians and archivists

will gain new skills and tools to serve the public; and interested patrons and communities could

�nd new pathways to connect with their heritage.
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1.2 Problem Statement and Research Objectives

The core problem addressed in this research is the limited accessibility and interpretable

engagement with large-scale, culturally sensitive archival datasets under current practices. Key

contributing issues include: (a) insuf�cient computational skill sets among many archival sciences

scholars and information professionals, leading to underuse of data-driven methods in archives [5];

(b) a lack of tailored tools that allow non-technical users to explore archival data in meaningful

ways, beyond simple catalog searches; and (c) the nascent state of applying Gen-AI to archives,

which has shown promise but also revealed challenges in accuracy, context-awareness, and ethical

sensitivity [4] [9]. These gaps mean that vast archives (for instance, records of slavery, historical

newspaper content) are not yielding their complete potential insights to historians, educators, or the

communities they represent. To address these challenges, this dissertation pursues a two-pronged

strategy:

• First prong: Develop hands-on learning tools to equip students, archivists, and community

members with computational thinking (CT) and data science techniques for working with

archival collections independently.

• Second prong: Leverage, evaluate and optimize Gen-AI (via agents and knowledge graphs)

to create innovative applications (such as interactive conversational platforms aka chatbots

[6]) for engaging with digital archives. This strategy fosters interactive, context-rich

engagement with cultural archives, including enhancements and optimizations to the user

experience and the ethical safeguards surrounding LLMs.

The research addresses both sides of the problem by integrating these prongs – building human
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capacity to work with data and building advanced technical systems to augment what humans can

do. I adopt a mixed-methods research design to achieve these objectives. The guiding philosophy

is that each study addresses a facet of the overall problem, using methods suited to that facet, while

informing the subsequent studies in an iterative, re�ective process. The two-pronged approach

(education and Gen-AI tools development) is operationalized through �ve interconnected studies

conducted from 2021 to 2025, corresponding to each of this dissertation's three core research

objectives. Here I summarize each of these objectives and their associated studies with the

approach taken in each study and how they are interrelated:

1.2.1 Objective I:Empowering Archival Practitioners through Data Science

and Computational Thinking:

Through Study 1,a mixed-method exploratory case study(peer-reviewed and published in

October 2021 [11]), I design and develop interactive, cloud-based learning platforms (speci�cally,

interactive Digital Computational Notebooks, or iDCNs) aimed to teach students and professionals

computational skills and data analysis techniques in the context of real archival datasets. These

tools were developed by following an established CT framework and lower the barrier to applying

data science methods on archival records, by providing guided, narrative-rich environments

where users can practice data cleaning, analysis, and visualization on cultural heritage data

independently [11]. The effectiveness of these tools in improving users' computational skills

and con�dence in working with archives has been assessed through an IRB-approved case study

survey, and optimistic user feedback was received. Study 1 establishes the feasibility of using

computational notebooks as a learning tool to bridge archives and data science. It addresses Prong
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1 of my approach by focusing on human learning and empowerment. For this study, the research

questions identi�ed and answered are:

• RQ1A: Can a novel set of cloud-based iDCNs be developed with content used as a learning

tool to teach computing for higher education students from non computational backgrounds?

• RQ1B: Can the Maryland State Archives (MSA)'s digitized Certi�cates of Freedom (CoF)

dataset from the LoS collection be used to create the computational content as a case study

through a step-by-step contextual data science driven analytical treatment?

• RQ1C: Can the CT practices be applied to non-STEM backgrounds in creating the computational

content?

• RQ1D: Can the resulting novel learning environment be useful for Library and Archival

Science educators and students? How would they react to such changes to their pedagogical

learning environment?

1.2.2 Objective II:Designing and Evaluating Generative AI Solutions for Enhanced

Access:

To achieve this objective, I conduct two studies, Study 2 and 3, focusing on leveraging

and evaluating Gen-AI to iteratively design and develop interactive solutions to enhance user

engagement with cultural archives. Study 2 (peer-reviewed in 2023 and to-be published in June

2025),an exploratory case study and design scienceapproach guided the development of an

AI-powered chatbot (“ChatLoS”). It was built using a unique Retrieval-Augmented Generation

(RAG) mechanism and OpenAI's Generative Pre-Trained Transformer (GPT) models to establish a
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context-aware chatbot. In ChatLoS v1, I implemented a RAG-based retrieval mechanism to enable

natural language querying of one of the LoS datasets. This chatbot eliminated the need for users to

understand the underlying data schema, making archival data more accessible to researchers and

the public [12] [13]. By chunking large text into manageable units, ChatLoS preserved contextual

relevance while optimizing computational ef�ciency. Results showed ChatLoS signi�cantly

improved accessibility for non-technical users while maintaining contextual relevance. Despite

its success in enhancing access, RAG-based retrieval introduced limitations, including ethical

sensitivity concerns, bias, data privacy risks, and context window constraints that restricted the

chatbot's ability to handle complex, multi-step analytical tasks beyond targeted searches. The

outcome of this study is a functional prototype and initial evidence of its capabilities. This study

answered the research question:

• RQ2: What are the potential bene�ts and challenges associated with utilizing LLMs, such

as OpenAI's GPT, to develop a tailored chatbot capable of exploring data from high cultural

context datasets and unveiling previously undiscovered relationships and patterns within

this data?

Drawing from the initial positive results of Study 2 and to address its limitations, I conducted

Study 3. Asa comparative empirical designstudy, Study 3 (peer-reviewed and published in

March 2024 [14]) took a step further to assess the strengths and limitations of the Gen-AI tool

in performing advanced data analysis and visualizations as explored in Study 1. To do this,

Study 3 employed Gen-AI agents [15] in ChatLoS as v2 and empirically compared its advanced

data analysis capabilities to the traditional data-visualization and exploratory tool, Tableau. By

measuring accuracy, ef�ciency, and ethical sensitivity, the study demonstrated that an Gen-AI
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agentic approach overcomes some limitations of RAG by allowing users to perform complex

analyses, trend identi�cation, and multi-step reasoning on archival datasets. By systematically

comparing ChatLoS v2 with a traditional data visualization tool on the same archival dataset, the

research identi�ed scenarios where Gen-AI provides added value and where it falters [4] [14].

ChatLoS v1 and v2 with RAG and Gen-AI agents serve distinct yet complementary purposes:

RAG-based retrieval is optimal for targeted semantic search, whereas Agentic Gen-AI excels

in exploratory and advanced data analysis. The objective was to leverage and evaluate whether

a Gen-AI chatbot can improve accessibility and interactivity in archival research, compared to

traditional search or static data visualization interfaces, which was achieved through these two

studies. The research question answered by this study is:

• RQ3: Is it possible to design and develop an interactive chatbot using the GPT models that

can perform data aggregation analysis from natural language questions on the underlying

high cultural dataset? If so, can we compare the results of GPT models with traditional,

non-AI exploratory data analysis models based on pre-de�ned metrics?

The �ndings from Study 2 and Study 3 con�rmed that Gen-AI signi�cantly enhances archival

access and usability, with context-aware search and advanced data analysis. However, both studies

exclusively used OpenAI's GPT models, raising concerns about data privacy, proprietary control,

and the potential use of user interactions in model retraining. These issues inspired me to evaluate

multiple LLMs to determine the most ethically sound, technically robust, and scalable Gen-AI

model for cultural archives. Additionally, neither study addressed the scalability of ChatLoS

for deployment across more extensive archival collections or multiple datasets within the LoS

project. ChatLoS's context awareness remained limited to a single dataset, restricting its ability
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to draw meaningful historical connections across various datasets within the LoS collection with

potentially interlinked relationships.

1.2.3 Objective III:Evaluating and Optimizing Generative AI for Ethical and

Scalable Archival Access

As a continuation of my dissertation strategy's second prong, and to address the limitations

identi�ed from Objective II, as a �rst part of Objective III, I conducted Study 4 (submitted in

May 2025) to optimize AI-driven archival analysis through Knowledge Graph-based Retrieval-

Augmented Generation (KG-RAG). The motivation to perform this study arises from the research

that calls for data available to the Gen-AI RAG tools be ”AI-Ready[16]” to mitigate the limitations

of Gen-AI solutions due to occasional factual errors or lack of deep historical context. KGs can

supply structured context (e.g. relationships between people, places, events in the archive) that the

Gen-AI can draw upon, making responses more accurate and culturally contextual [4] [17]. Unlike

the earlier single-dataset RAG implementation in Objective II, this study integrates multiple LoS

datasets (e.g., Certi�cates of Freedom, Domestic Traf�c Advertisements, and Manumissions) into a

uni�ed KG, allowing the chatbot to link records across collections and provide richer genealogical

and historical insights. Connecting historically related documents reduces hallucinations, enhances

contextual accuracy, and strengthens cross-dataset relationships by providing structured semantic

representations and facilitating consistent data integration and interoperability. KG-RAG enhanced

ChatLoS as v3 also enhanced the contextual richness of responses by structuring data as AI-ready

knowledge representations and anchoring outputs with citations to scanned archival documents

and human-readable query logs to enable”explainability” in these Gen-AI solutions. This study
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addressed contradictions in previous Gen-AI implementations by aligning tool capabilities with

archival principles of provenance and interpretability. To evaluate the real-world effectiveness of

all these versions of ChatLoS, two IRB approved systematic user evaluations were conducted: one

with the MSA Director and another with the Deputy Director and the results were triangulated

from these user interviews. These evaluations were guided by anAT-grounded evaluation rubric,

allowing for the comparative assessment of ChatLoS v1 (RAG based), v2 (AI Agent), and v3 (KG-

RAG) alongside the current traditional access tools like the MSA online database. These studies

illuminated how each version of ChatLoS mediated archival research practices, resolved usability

and trust-related tensions, and enabled expansive learning through deeper data engagement.

The research questions answered in this part of Objective III are:

• RQ4A: How does the integration of Knowledge Graph-based Retrieval-Augmented Generation

(KG-RAG) with LLMs enhance the analysis and accessibility of interconnected historical

archives, speci�cally the LoS collections at the MSA?

• RQ4B: How do users across different roles evaluate evolving Gen-AI systems for archival

access when assessed using a rubric grounded in Activity Theory?

As the second part of Objective III, in Study 5 (published, 2024), I applied athree-step model-

comparison methodology, usingdesign science and empirical evaluationto assess four leading

LLMs—GPT-4o, Claude, Llama, and Gemini—across free, paid, and enterprise cloud-based

environments. These models were evaluated along key dimensions including data privacy,

customizability through guardrails, multi-user support, accuracy, cost-ef�ciency, and security.

Results indicated that enterprise solutions like Azure OpenAI GPT-4o offer the most favorable

balance for sensitive archival deployments. These �ndings are crucial for informing future
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development and deployment strategies, particularly in public-sector or cultural heritage contexts

with stringent ethical requirements. The research question answered by this study is:

• RQ5: Which LLM is best suited for analyzing 19th-century domestic trade advertisements

while maintaining historical accuracy and ethical sensitivity?

Throughout these studies, the research methodology remains iterative and interlinked. Each

chapter builds on the previous ones to advance its respective research objective. A combination of

exploratory case studies, iterative design science, empirical evaluations, and AT-grounded user

assessments ensures both the technical viability and practical relevance of the solutions. This

mixed-methods approach provides a comprehensive understanding of how these Gen-AI systems

transform the activity of archival research and offers direction for equitable and culturally respectful

technological interventions [12]. A pictorial representation of the hierarchical organization of

the �ve studies in the dissertation is shown in the Figure. 1.1. The dissertation research timeline

roadmap is shown in the Figure. 1.2.

1.3 The Legacy of Slavery (LoS) Dataset Collection

Since its initiation in the fall of 2001, the Maryland State Archives (MSA)'s project, of�cially

named the Study of the LoS [18] in 2005, has focused on uncovering the narratives of individuals

who resisted enslavement in Maryland, USA. The project's original concept was to discover

unknown 'heroes' of slave �ight and resistance. Utilizing various sources like court records,

laws, newspapers, and maps, the MSA staff aimed to highlight the unrecognized heroes of slave

resistance and create comprehensive case studies. The project has grown signi�cantly with the

help of several grants, involving over 100 professionals and volunteers, including interns, to
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Figure 1.1: Pictorial Flow chart of the Dissertation Research

Figure 1.2: Dissertation Research Timeline Roadmap (2021 - 2025)
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transcribe and digitize physical records. This endeavor has culminated in a robust online database

containing over 400,000 records, including domestic traf�c ads (DTA), runaway advertisements,

certi�cate of freedom (CoF) records, and federal census data, providing a detailed view of anti-

slavery movements across fourteen of the state's antebellum counties. Several prior works have

been performed on these dataset collections for various purposes, as detailed in [19] [20]. Since

2019, I have been part of the MSA's LoS project trying to uncover and unravel the hidden

stories and insights from these culturally rich and historically sensitive LoS dataset collections by

collaborating with the MSA director and other multi-disciplinary researchers. This dissertation

uses the datasets from this LoS collection. In Study 1, I used the CoF dataset, Studies 2, 3, and 5

used the DTA dataset, and Study 4 will use the CoF, DTA, and Manumissions datasets.

1.3.1 Certi�cate of Freedom (CoF)

A CoF [21] is a legal document issued from 1803 to 1865 in Maryland to African American

Enslaved persons, who were required to record proof of their free or emancipated status in the

county court. The certi�cate was issued based on information documented and provided by the

former slaveholder and a witness. The CoFs were handwritten documents containing general

biographic, demographic, and descriptive information about the enslaved person. In most cases,

the data captured or documented for the CoF by the courts or court clerk followed a set of standards

for documents across different counties which consisted of data features like county issuing the

document, slave owner's �rst and last name, enslaved person's �rst and last name, gender, age,

height, complexion, scars (for identi�cation purposes), alias name, date of issue, witness name,

prior status of the enslaved person, and a notes feature to enter comments/remarks. There are
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23,655 records in the LoS collection CoF dataset—the issuance dates range from 1806 to 1864,

covering sixteen Maryland counties and one Maryland city.

1.3.2 Domestic Traf�c Ads Dataset (DTA)

The DTA dataset comprises records that contain details on the domestic traf�c advertisements

placed in public newspapers for the interstate and intrastate trade of enslaved men, women, and

children. DTAs were a means of communicating to the general public the subscriber's desire to

buy or sell a slave(s). Private slave dealers and agents could place ads, gentry needing domestic

help, yeomen needing extra �eld hands, or a public sale of an estate by the orphan's court. These

documents, cataloged, calculated, and geo-spaced may identify sales patterns during different

periods of a year or era. The DTA dataset comprises digitally transcribed data of advertisements for

enslaved individuals placed in Maryland newspapers over 40 years, from March 3, 1824, to April

30, 1864. It includes crucial metadata �elds such as advertisement date, enslaved person's name,

slave owner's name, source publishing this ad, county, location, enslaved age, gender, number

of people being sold, terms of sale, and speci�ed skills. There are about 2100+ advertisement

records found in MSA's digital database. Figure. 1.3 and 1.4 show a few examples of scanned

images of the DTA ads.

1.4 ”Activity Theory” as an Unifying User Evaluation Theoretical Framework

Activity Theory (AT) is a theoretical framework for analyzing human practices, viewing

any goal-directed activity as a holistic system of interacting components [22]. Originating from

Vygotsky and Leont'ev's work in cultural-historical psychology, AT was later expanded by
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Figure 1.3: Sample 1 of the DTA scanned ad.

Figure 1.4: Sample 2 of the DTA scanned ad.

Figure 1.5: Pictorial representation of Activity Theory - Engeström's Triangular model [1]
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Engestr̈om to model complex, collective activities [22]. A core insight of AT is that humans

do not act in isolation or in a vacuum of mere stimulus-response; rather, action is mediated by

context, tools, and social relations. By focusing on the entire activity system (including people,

artifacts, and social rules), AT provides a holistic, systemic lens for understanding technology

use and sociotechnical change. This makes it especially suitable for research at the intersection

of users, digital tools, and institutional practices – exactly the scenario of enhancing access to

cultural archives.Key Concepts:In AT's classic second-generation model (Engeström's triangular

representation [22]), an activity system comprises the following elements:

• Subject: The individual or group engaged in the activity, e.g. an archivist, researcher,

genealogist, student or a patron using a tool.

• Object: The goal or problem-space that the activity is directed toward, which is transformed

into anOutcome. For instance, the object could be analyzing archival data to gain historical

insights, with the outcome being new knowledge or solutions.

• Tools (Mediating Artifacts): The material or symbolic means used by the subject to act on

the object. Tools can be physical instruments, software, language, or even abstract artifacts

like knowledge and skills. In this context, tools include Gen-AI powered conversational

chat interfaces, which mediate the subject's interaction with archival data. Importantly, tools

carry with them the history and culture of their development; they shape how the task is

performed and can introduce new capabilities or constraints.

• Community: The broader social group or stakeholders involved in or affected by the activity.

For example, the community in an archival research activity includes other archivists,
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historians, genealogists, students, institutional authorities (like Maryland State Archives

staff), and even descendant communities interested in the archives.

• Rules: The norms, regulations, and social conventions that in�uence how the activity is

carried out. Rules can be formal policies (e.g. archival access rules, data privacy laws) or

informal cultural expectations (e.g. ethical guidelines for Gen-AI). These rules mediate

the relationship between the subject and the community, shaping acceptable behavior. In

practice, rules might include metadata standards for cataloging such as archival descriptor

records, protocols for using archival material, or guidelines for Gen-AI usage in sensitive

historical contexts.

• Division of Labor: The way tasks and responsibilities are distributed among participants

in the activity. This covers the roles of different people (or even Gen-AI agents) and

the power dynamics or expertise they contribute. In an archival setting, division of labor

might delineate what tasks are done by archivists (data curation, providing context) versus

end-users or Gen-AI tools (searching, analysis). It mediates the relationship between the

community and the object, determining who does what in pursuit of the goal.

A pictorial representation of the AT elements arranged together is shown in Figure. 1.5. All

these elements interact as asystem. AT emphasizes that changes or tensions in one element

can ripple through the whole system. In AT,tensionsandcontradictionsare seen as the driving

forces of change and learning within an activity system. A contradiction refers to a deep-seated

structural misalignment such as between the tools available and the user's goals, or between

institutional rules and emerging practices that impedes smooth functioning. Tensions, on the other

hand, are the observable symptoms of these contradictions, often manifesting as user frustration,
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inef�ciencies, or con�icting expectations. Contradictions are not failures but opportunities for

transformation, and their resolution through redesigned mediations is central to the AT grounding

of this research. Crucially, contradictions, historically accumulated tensions or mismatches either

within an element or between elements of the activity system are the primary drivers of change

and development. When a new tool is introduced or when objectives evolve, contradictions often

emerge (for example, a new technology might con�ict with old rules or skillsets). Rather than

being purely negative, these contradictions can lead to innovation and learning: they catalyze

adjustments in the activity, sometimes resulting in an expanded or transformed activity system

that resolves the tension. Engeström calls this process expansive learning, wherein the object

and motive of the activity are reconceptualized to accommodate a broader vision, leading to a

qualitative shift in practice [22]. By applying AT, I have aimed to capture not only the ef�cacy

of a tool, but also how that tool mediates practice, how it �ts (or clashes) with users' objective

and outcomes, and what new practices or learning emerge. In designing and evaluating user

interactions in digital environments, AT provides a rigorous vocabulary to capture contextual

factors. It ensures our focus remains onactivities and outcomes, not just on interface features.

In summary, AT provides a unifying theoretical framework for analyzing the systematic user

evaluation studies that follow an evaluation rubric by linking the technical interventions (ChatLoS

- a Gen-AI chat interface) to the human contexts of archival work and analysis. It allows me to

frame each study as an intervention into an activity system, analyze the mediations introduced by

the new tool, and understand the resulting changes (outcomes) in terms of resolving contradictions

or creating new possibilities for the community. AT's application in sociotechnical contexts

underscores that the success of an innovation like Gen-AI depends on the whole activity system's

alignment. Contradictions often surface – e.g. between a Gen-AI tool's capabilities and existing
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work rules or skill sets – but these can be sources of expansive learning. Identifying and addressing

such contradictions is crucial for designing Gen-AI interventions that truly empower users rather

than disrupt or alienate them. The details of this evaluation would be explained in detail as part of

the research objective III.

1.5 Archival Description, Finding Aids and AI-Enhanced Contextualization

Archival descriptiontraditionally encompasses the creation and maintenance of�nding

aidsguided by key archival principles such as provenance and original order. Finding aids are

structured tools intended to facilitate discovery and access to archival materials, often involving

detailed manual processes that contextualize records based on their source, content, and inherent

relationships. This meticulous work remains largely manual and heavily reliant upon archivists'

subject-matter expertise and understanding of historical contexts. This thesis acknowledges

the signi�cance of archival description and explicitly situates itself within the larger context of

traditional archival practices. By leveraging data science techniques, generative AI, and knowledge

graphs, this research aims to enhance and augment, rather than replace, these traditional archival

methods. Speci�cally, this thesis explores how computational methods can complement manual

archival description processes by:

• Automatically extracting and identifying digitized descriptive metadata that adhere to

archival standards.

• Facilitating robust semantic linking and cross-referencing across archival collections, thereby

enhancing the access to the digitized versions of the traditional archival �nding aids.

• Preserving contextual integrity by clearly tracing provenance and original order through
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digitally enriched pathways.

By incorporating these computational methodologies, this thesis proposes an evolution of access

to the digital archives, enhancing their robustness and scalability while maintaining their archival

description foundational principles.

1.6 Organization of the Dissertation

This dissertation is organized into six chapters, corresponding to the research structure.

Below is an overview of each chapter and how they connect to form a coherent narrative:

• Chapter 1: Introduction –(Current chapter). Provides the overall framing of the background,

research problem, research objectives, and methodology. It establishes why enhancing access

to cultural archives is important and challenging, introduces the two-pronged approach

(computational learning tools and Gen-AI applications), and outlines the studies undertaken.

This chapter also de�nes key terms and concepts (such as CT, LLM, GPT, Gen-AI, and

KGs) that will recur throughout the dissertation.

• Chapter 2: Literature Review – Reviews relevant literature and prior work in areas that

underpin this research: the role of cultural archives in the digital age and digital humanities

initiatives; the integration of data science and computational thinking in archival practice; the

emergence of Gen-AI and LLMs in information systems; the use of KGs in cultural heritage;

use of AT in sociotechnical systems and Gen-AI and ethical considerations of applying

Gen-AI to sensitive historical data. By surveying these domains, Chapter 2 identi�es the

scholarly gap this dissertation addresses: the lack of comprehensive case studies, design

and evaluation frameworks for marrying computational education and Gen-AI innovation in
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archives [3]. The literature review thus provides the theoretical foundation and justi�cation

for my research approach. I should also note that this chapter has been organized to cover

the literature review of the overarching research objectives and the need for this research.

Wherever applicable, each study's speci�c prior work and literature review are organized

under each study accordingly.

• Chapter 3: Objective I – Empowering Archival Practitioners through Data Science and

Computational Thinking – Describes the �rst study in detail.

• Chapter 4: Objective II – Designing and Evaluating Gen-AI Solutions for Enhanced Access

– Describes the Studies 2 and 3 in detail.

• Chapter 5: Objective III – Evaluating and Optimizing Gen-AI for Ethical and Scalable

Archival Access – Describes Study 4 and 5 in detail with Study 4 describing a detailed

systematic two user evaluation framework grounded on AT framework.

• Chapter 6: Future work and Conclusion – Details the plan for future work in this research

area and concludes the thesis.
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Chapter 2: Literature Review

2.1 Cultural Archives in the Digital Age and the Need for Enhanced Access

Cultural archives—repositories of historical documents, records, and artifacts signi�cant

to a community or society—serve as essential resources for scholarship and public memory. In

the digital age, many archives have undergone or are undergoing digitization [23], leading to vast

digital collections available for exploration. This transition has aligned archival studies with the

�eld of digital humanities, where computational tools are employed to analyze humanities data.

However, the promise of digital archives comes with the challenge of ensuring they are accessible

and meaningful to users. Many digitized archives remain underutilized because they are essentially

“dark data” – data preserved but not effectively unlocked for analysis [3]. The concept of “dark

archives” in archival science traditionally refers to holdings that are not publicly accessible [3],

but in a broader sense it highlights that simply having data in digital form does not guarantee

its discoverability or usability. Still, in a broader sense it highlights that merely having data in

digital form does not guarantee its discoverability or usability. Users often lack adequate tools or

knowledge to navigate these large corpora. Culturally sensitive archives (such as those involving

indigenous knowledge, slavery records, or personal data) pose additional layers of complexity;

access must be balanced with context and care to avoid misinterpretation or harm. As Patton notes,

AI and computational methods can “open up access to manuscript collections in ways that OCR did
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for printed texts”, indicating the potential for technology to improve accessibility [4] vastly. Yet,

without guided approaches, there is a risk that these rich cultural datasets remain “underutilized” –

a concern explicitly noted in my problem statement and echoed by other scholars. For example,

Richard Marciano's afterword on Archives, Access and AI observes that while AI applications

in archives are emerging, there is still “a lack of compelling case studies” demonstrating their

full potential [3]. This points to a gap in technology and documented practice, where more

examples are needed of how digital archives can be made accessible and engaging. Despite

digitization efforts, signi�cant barriers persist in accessing culturally sensitive materials. Ethical

concerns revolve around the potential for algorithmic bias in automated processing [24]. The LoS

collections present unique complexities due to inconsistent 19th-century record-keeping practices

and terminology that re�ects dehumanizing historical norms [25].

The importance of enhancing access to cultural archives goes beyond academia. It has

implications for public history. Archives like the LoS or other African American history collections

hold keys to understanding contributions of marginalized groups. Improved access can empower

descendant communities and the general public to engage with their history directly. There

is an increasing call for archives to be more open and interactive, aligning with movements

in participatory heritage and community archives. The LoS collections exemplify this role,

documenting the lived experiences of enslaved individuals through legal records, advertisements,

and manumission papers. Recent scholarship emphasizes the ethical imperative to center marginalized

voices in archival practice [26], particularly in postcolonial contexts where traditional archives

often re�ect colonial power structures. Digital platforms, if well-designed, can democratize

who gets to analyze and interpret archival materials. In sum, literature in archival science and

digital humanities converges on the idea that new computational approaches are needed to unlock
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archives for broader use [3] [27]. These approaches must handle the scale of data, as many cultural

collections now amount to “big data” in volume. They must incorporate the cultural context,

ensuring that data-driven analyses do not strip records of their meaning or sensitivity [28].

2.2 Data Science and Computational Thinking in Archival Practice

To bridge the gap between archives and accessibility, one line of research and practice

has focused on infusing data science and CT into archival work. Computational Thinking, a

term popularized by Jeannette Wing (2006), refers to a problem-solving approach that draws

on concepts fundamental to computer science, such as abstraction, decomposition, algorithms,

and recursion [29]. Wing famously argued that “computational thinking is a fundamental skill

for everyone, not just computer scientists”, akin to reading and writing in its broad utility [29].

In archival science, this means training archivists, librarians, and humanities scholars to think

about historical questions in ways that can be addressed with computational methods. There has

been a clear trend towards integrating CT into archival education in recent years. For example,

Underwood et al. (2019) and Buchanan et al. (2022) discuss how archival studies curricula are

evolving to include computational methods, driven by the reality that“the vast majority of records

that will be acquired by archives moving forward are being created computationally”[5] [30].

Born-digital and digitized records require skills in managing and analyzing data at scale, which

traditional archival training did not emphasize.

Studies have highlighted an acute skills gap: a report by the Institute of Museum and Library

Services (IMLS) titled “Shifting to Data Savvy” identi�ed urgent needs for greater automation and

data science skills in archival sciences and libraries [5]. As a result, initiatives like theLEADING
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program and specialized projects have aimed to “strengthen digital and computational literacy

and training for future librarians and archivists” [5]. The literature shows consensus that without

upskilling in these areas, archival professionals will struggle to appraise, preserve, and provide

access to modern collections effectively [10]. In response, Computational Archival Science (CAS)

has emerged as a transdisciplinary domain. Marciano et al. (2018) formally articulated CAS as

“the application of computational methods and resources to large-scale records/archives processing,

analysis, storage, long-term preservation, and access”, with the twin aims of improving archival

ef�ciency and understanding how technology changes archival work [30].

Several practical and pedagogical efforts in recent literature illustrate how data science can

be brought into the archival realm. One approach is the development of frameworks mapping

CT practices to archival tasks. [31] had identi�ed categories of CT for education (data practices,

modeling and simulation, etc.), and archival educators have explored analogous practices for

archives [30]. For instance, “data practices” in archives might include collecting and cleaning

archival datasets, while “modeling” might involve creating a representation of an archive's structure

or network of entities. Educators explicitly draw these parallels to make computational steps

intuitive for archival problem-solving.

In summary, the literature indicates that building computational thinking and data science

capacity among archivists and researchers is a crucial step toward making archives more accessible

and analyzable. This is the Prong 1 of my dissertation's approach. Efforts in this space address

the human side of the equation: empowering people with the knowledge and tools to use data

science on archives. They align with the philosophy that computational thinking should become

as common as traditional literacy for those dealing with information resources [29]. However,

literature also acknowledges limitations: not everyone will become a programmer or data scientist,
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and even trained individuals can be overwhelmed by the size and complexity of archival data.

Thus, while education and skill-building are necessary, they may not be suf�cient on their own.

This sets the stage for Prong 2 – introducing advanced AI tools that can further lower barriers and

assist users in exploring archives. The interplay between these prongs is implicit in the literature:

In [10], Marciano noted that solving archival challenges requires both “investing in people and

technology”, where people are trained to use technology responsibly and technology is designed

to augment human capabilities [4].

2.3 Gen-AI and LLMs in Information Access and Archives

The past few years have witnessed remarkable advancements in AI, particularly in Gen-AI

and LLMs. LLMs are pre-trained language models (often based on deep neural networks like the

Transformer architecture [32]) trained on massive text corpora to predict and generate human-like

text. OpenAI's GPT-3 [33] and its successor GPT-4 [34] are prominent examples, containing

hundreds of billions of parameters and demonstrating unprecedented language understanding and

generation capabilities [33] [35]. The arrival of LLM-based systems such as ChatGPT [33] has

popularized conversational AI, showing that AI can engage in dialogue, answer complex questions,

and produce coherent essays or code. In the context of information access, these models offer a

unique possibility: allowing users to retrieve and synthesize information through natural language

conversation, rather than through keyword searches or manual lookup. Early adopter domains

have included customer service (chatbots replacing FAQ pages [36]) and healthcare (AI assistants

summarizing medical literature [37] [38]), and now attention is turning to libraries, archives,

and other knowledge repositories. Gen-AI represents an innovative frontier in machine learning,
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providing a transformative tool for various sectors, including libraries and archives [39]. Gen-AI

models can create new data instances resembling the original data, harnessing patterns within the

training dataset [40]. They capture the probabilistic distribution of the data, generating new samples

from this learned distribution. This trait of Gen-AI offers remarkable implications for archival

work, as it can create digital artifacts representative of the original resources. Autoregressive

models, like the Transformer model [32] used in OpenAI's GPT models, have been monumental

in generating text, offering potential applications in managing and curating textual archives [33].

Since the introduction of GPTs, several cases of unique and speci�c GPTs have been created

and are available as open source resources as well, here [41]. Concerning the archives �eld, a

recent example is the open-sourceWARC-GPT[42] project from Harvard's Library Innovation Lab.

It was developed to interrogate web archiving content in the form of WARC �les (a �le format that

is a revision and generalization of the ARC format used by the Internet Archive to store information

blocks harvested by web crawlers) by asking speci�c questions in natural language rather than

relying on keyword searches and metadata �lters. Importantly for the archival sector, LLMs offer

potent tools to navigate and analyze digital datasets. Given their ability to understand and generate

human-like text, they can decipher metadata, make sense of the contextual information, and thus

play a crucial role in cataloging, cross-referencing, and retrieving information ef�ciently [35]. This

has the potential to make digital archives more accessible and user-friendly, promoting broader

engagement with historical data. Moreover, LLMs' ability to generate context-appropriate text can

be employed to create annotations, descriptions, or synopses of archival documents, enhancing

metadata richness and reliability. Academic and professional literature is beginning to explore

how LLMs can be applied to digital libraries and archives. One area of focus is using LLMs to

improve search and discovery. Traditional search engines in archives rely on keyword matching
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and metadata – which can fail when users' queries do not exactly match the terms in the records or

when users are not sure how to formulate their query. By contrast, LLMs can interpret a question's

intent and generate an answer by drawing on information spread across documents. Nguyen et

al. (2024) propose a “smart search in digital archival systems” using a RAG approach [12]. In

their framework, an LLM interprets a user's natural language query and a retrieval system fetches

relevant documents from the archive, which the LLM then synthesizes into a concise answer. This

method leverages the strengths of both information retrieval and AI: the precision of the former

and the linguistic �uidity of the latter. Experiments have shown such systems can return more

precise and relevant results for complex queries compared to conventional keyword search [12].

A key advantage is handling the “nuances of user queries” – LLMs can deal with questions that

are phrased in everyday language or that require combining data points (e.g., “Find all instances

where a person traveled from Town A to Town B in these records”) which might stump a regular

search interface [12].

Another line of research looks at LLMs for tasks like information extraction and summarization

in archives. For instance, there is work on using LLMs to automatically identify and redact sensitive

information (like Personally Identi�able Information) in archival documents [43]. Also, LLMs

have been tested for transcribing and summarizing historical documents. Blevins (2024) notes how

off-the-shelf LLMs can assist in transcribing handwritten letters and then explaining their content,

something traditionally requiring bespoke tools or expert effort [44]. These examples indicate

that Gen-AII is becoming versatile in handling various aspects of archival content, effectively

acting as an intermediary between raw data and user-friendly information. Libraries and archives

are cautiously experimenting with such AI. Nawaz and Saldeen (2020) reviewed AI chatbots

in academic libraries, �nding that these chatbots are increasingly adopted to assist users in
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reference services and that natural conversation is a powerful mode for information delivery [13].

Users appreciate asking questions in plain language and getting immediate answers. This can

signi�cantly bene�t those not skilled in database querying or who might not know which �nding

aid or catalog entry holds the answer. [45] showcases using GPT-4o to create data visualizations

from prompts.

Despite these opportunities, the literature also strikes a note of caution. Gen-AI systems

have well-documented issues: they can produce factually incorrect statements with a con�dent

tone (a phenomenon often termed ”hallucination” in LLMs) [46]. This is a serious concern in

archives, where factual accuracy is paramount. Additionally, LLMs lack inherent understanding of

context that is not in their training data. For example, a general model like GPT-3 might not know

speci�cs about a niche archival collection unless it was included in its input prompt, referenced, or

�ne-tuned. This has led to strategies like �ne-tuning LLMs on archival data, performing special

retrieval techniques, or using KG augmentations (as I pursue in my Study 3 and 5 respectively).

Another challenge is ensuring that the AI can cite sources or explain how it derived an answer –

something users in scholarly environments expect. Current LLMs do not natively provide citations,

which means additional layers are needed to make them act transparently. The literature on

explainable AI and human-AI interaction emphasizes that for tools like chatbots to be trusted in

libraries/archives, they should ideally point to the documents or records that back their answers [4].

In conclusion, Gen-AI and LLMs promise to transform archival access (Prong 2 of my

research). They offer solutions to the problem of user engagement: rather than learning SQL

or browsing dozens of �les, a researcher could have a conversation with the archive. This

resonates with the broader trend of AI in GLAM (Galleries, Libraries, Archives, Museums)

where professionals like Patton argue that“GLAMs must embrace these emerging tools to remain
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relevant” [4]. My literature review suggests that the time is ripe to explore such applications;

however, it also underscores the need to do so carefully, addressing accuracy, transparency, and

alignment with archival principles. The Gen-AI approach should therefore be seen not as a

replacement for human expertise or traditional tools, but as a powerful augmentation.

2.4 Role of Knowledge Graphs in Generative AI for Cultural Heritage

A knowledge graph (KG) is a structured representation of facts where entities (nodes) are

connected by relationships (edges), often following ontologies or schemas. KGs have been used

in cultural heritage contexts to interlink data across collections and provide rich context for items.

For example, the Heritage Connector project built a KG linking museum collection records with

external sources like Wikidata, which “allowed visualization and exploration of collections in

entirely new ways” by highlighting connections between objects, people, and concepts that were

not obvious before [4]. Such interlinking transforms isolated records into a network of knowledge,

enabling users to traverse from one entity to related entities (e.g., an artist to their artworks across

museums, or from a historical person to all archival records mentioning them). Another critical

aspect of the accuracy and correctness of the responses by Gen-AI tools using unique retrieval

mechanisms purely depends upon the domain knowledge of information that's shared with the

LLMs. Many researchers and scientists believe that the data supplied to these LLMs should

be prepared and pre-processed to be made”AI-Ready” as indicated by [16]. Greenberg (2024)

highlights the importance of incorporating metadata and ontologies into AI-ready data frameworks

and demonstrates how AI methods, including Gen-AI, can leverage metadata and ontologies to

improve and validate data, suggesting that building KGs of datasets from a single corpora, like the
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LoS, could enhance the data's AI readiness by providing structured semantic representations and

facilitating consistent data integration and interoperability. KGs serve the purpose of getting the

data ”AI-Ready.” Additionally, in digital archives, KGs can address the limitation of “item-centric”

views. Traditional archive databases show search results as lists of items with metadata [17]. In

contrast, a KG-driven interface can show how items relate (chronologically, geographically, by

topic, etc.), supporting users in browsing related items and synthesizing narratives [17]. Khoo et

al. (2024) demonstrated this by developing a visualization interface for archives based on a KG;

users could click on a person in one record and immediately see other records connected to that

person, or follow links to events and places related to them [17]. The user study indicated that this

helped in forming a more holistic understanding of the content, as users were not con�ned to one

record at a time [17]. KGs have emerged as a potential solution to provide LLMs with structured

context and reasoning pathways beyond simple text matches. For example, [?]'s approach showed

that incorporating an LLM-generated KG can substantially improve question-answering on private

datasets, enabling the LLM to ground its answers in the graph and even provide provenance links

to sources [?]. Similarly, in the cultural heritage domain, KGs have been used to interlink records

and reveal hidden connections [?]. These successes suggest that a knowledge graph-enhanced

RAG (KG-RAG) could address my use case's needs: by unifying multiple LoS datasets in a graph,

we can help the LLM traverse cross-collection links (e.g. person-to-record relationships) and

handle quantitative or constraint-based queries via cypher graph queries, while grounding answers

in a network of veri�able facts.

For my research, the interest in KGs is two-fold. First, as a tool for enriching archival data:

by extracting entities (people, places, dates) from archival records and connecting them, I create

a semantic layer that AI can use. Several published studies have shown the use of KGs in their
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problems in combination with LLMs to successfully get better results than with just the use of

LLMs and the retrieval techniques [47] [48] [49] [50] [51]. Second, KGs are central to addressing

the context de�cit of LLMs. An LLM generates answers from patterns in text, but it doesn't “know”

a fact in a robust way that it can cite or justify. If I integrate an LLM with a KG, it can retrieve

relevant nodes or subgraphs to ground its responses. The literature on retrieval-augmented LLMs

suggests they can signi�cantly reduce hallucination and improve factual accuracy by anchoring

generation on retrieved information [12].

Regarding cultural heritage, KGs also embody respect for provenance and multi-perspectiveness.

Because they can store different types of relationships and even contradictory information, they are

suited to representing complex historical realities (for example, an individual might be recorded

under different names in different documents; a KG can connect those names to one identity with

a “same as” relationship). By using KGs, archivists can ensure that an AI referencing the KG has

access to these nuances, rather than relying on a homogenized model. One challenge noted in

literature is building the graph in the �rst place – it can be labor-intensive to curate, or error-prone

if fully automated. However, projects have succeeded in semi-automated graph construction from

archival texts [17]. There are also domain-speci�c knowledge bases (like people directories and

gazetteers of historical places) that can be incorporated. Overall, KGs are a promising solution for

digital heritage systems to move beyond basic search [17] and produce optimized Gen-AI tools.

They complement AI by providing structured knowledge that AI can leverage.

In summary, my system builds upon these lines of research by combining a KG of historical

LoS datasets with an LLM in a RAG framework. To my knowledge, this is one of the �rst

applications of KG-RAG in this context.
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2.5 Employing Activity Theory for Systematic User Evaluation

Archival research and digital library use are inherently socio-technical activities, making

”Activity Theory (AT)” an apt lens to study and design archival interfaces. Researchers in

information science have highlighted AT's potential to provide a holistic context for information

practices. Wilson (2006) [52], for example, argued that studying information-seeking and use

through AT allows deeper understanding of context than traditional user behavior models, by

discovering contradictions that affect information practices. In an archival setting, this meansI can

examine not just how a user searches a catalog, but why certain searches are dif�cult– perhaps

due to a mis�t between the archive's metadata schema and the user's mental model (a contradiction

between tool and object), or due to institutional rules that restrict access to certain records (a

rules vs. object tension). AT can also serve as an“overarching paradigm”to bridge different

problem areas in information studies – for instance, linking issues of information seeking (user

perspective) with issues of information organization/retrieval (system perspective). By treating the

entire interaction as one activity system, we avoid siloed solutions and instead seek interventions

that address systemic tensions. In the broader realm of human–computer interaction (HCI) and

user experience, AT has been a foundational framework for moving beyond interface mechanics

to understanding contextual user interaction. From a user interaction standpoint, AT prompts

designers to ask: What is the real activity the user is trying to accomplish, and how does the

design support or hinder it? This goes beyond usability at the micro level and into the realm

of usefulness and integration in the user's life or work. From a user interaction standpoint, AT

prompts designers to ask: What is the real activity the user is trying to accomplish, and how does

the design support or hinder it? This goes beyond usability at the micro level and into the realm
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of usefulness and integration in the user's life or work. Good design must accommodate varying

contexts. If a contradiction exists – say the interface is optimized for one type of user's activity

but not the other – AT would highlight that as a design issue.

AT has a rich history of use in studying sociotechnical systems [53] [54], where technology

and human social factors are deeply intertwined. It is fundamentally a sociotechnical framework:

rather than analyzing technology in isolation, AT considers how technological tools become part

of human activity systems, mediating work and reshaping social practice. This approach aligns

with broader sociotechnical perspectives that emphasize the co-evolution of social and technical

elements in any system of work or organization [22] [55]. Notably, AT has been applied to contexts

of AI in workplaces and organizations. For example, Allen et al. (2022) [55] use AT to investigate

how AI systems become “tools” within work activity and how employees perceive AI's role in

their jobs. In their study, AI systems (e.g. algorithms, automation tools) are conceptualized as

mediating artifacts that workers use to achieve organizational objectives. By structuring interviews

and analysis around AT components (subject, tools, object, rules, community, division of labor),

they identi�ed key con�icts and contradictions arising from AI adoption. A major �nding was that

employees recognized AI's potential to enhance ef�ciency, but also felt tensions – for instance,

new AI tools introduced disturbances or uncertainties in established work practices and norms.

These tensions echo what AT literature callsknotworkingor disturbances– misalignments that

“interfere with the realization of individuals' and communities' goals”. By highlighting such

contradictions, AT-based analysis in sociotechnical systems reveals where an intervention (like

AI) may require adjustments in rules (e.g. new policies), rede�nition of roles (division of labor

between humans and AI), or additional training (subjects acquiring new skills) to fully integrate

the technology. This perspective is valuable for ensuring ethical and effective AI adoption.
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Moreover, AT's emphasis on learning and development is particularly relevant when

introducing AI into existing social systems. As Jarzabkowski (2003) [56] noted, AT is“essentially

a learning theory”that helps explain how processes evolve. In the context of AI, this can mean

observing how workers learn to collaborate with AI tools or how organizational practices expand

to accommodate AI capabilities. Indeed, recent work has explicitly used AT to frame human–AI

collaboration and future-of-work questions. For instance, a 2023 study by Nah et al. [57] deploys

AT to explore generative AI's impact on work practices and poses research questions about how

AI and humans can collaborate effectively, how AI might shift roles, and what new rules or

safeguards are needed. By situating AI within the activity system, researchers can ask:Who is

the subject when AI tools take on agentic roles? How is the division of labor recon�gured when

an AI performs tasks previously done by a human? What rules (ethical guidelines, oversight

mechanisms) must evolve to govern this new partnership?AT provides a structured way to analyze

these questions, ensuring we account for both technical and social dimensions in equal measure.

In modern digital environments, especially those incorporating AI, the user experience often

involves a conversation or interaction loop with the system. Here, AT can frame the Gen-AI tool

or system as not just a passive tool but an actor-like tool that the user interacts with. Some have

even considered Gen-AI as a quasi-community member or at least a very advanced tool in the

activity system (though not an independent subject since it lacks its own motive). Regardless,

the mediated nature of the interaction means issues like trust, transparency, and control become

central – these can be seen as rules governing the user-AI interaction. Recent studies of human-AI

interaction through AT suggest examining how rules (e.g. user expectations of explanations,

organizational policies on Gen-AI use) and division of labor (what the Gen-AI tool does vs. the

human does) need to be negotiated for a smooth user experience. If the Gen-AI tool takes too
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much autonomy, users may feel a loss of agency (a contradiction between the subject's desired

control and the tool's operation). If the Gen-AI tool is too passive, it may not add value (failing to

resolve the initial contradiction it was meant to address). To sum up, in designing and evaluating

user interactions in digital environments, AT provides a rigorous vocabulary to capture contextual

factors. It ensures our focus remains on activities and outcomes, not just on interface features.

Throughout this dissertation where the new Gen-AI tool- ChatLoS versions are dealt with, user

studies and design re�ections are informed by AT: I consider the motive behind user behaviors,

the contextual constraints they face, and the systemic effects of introducing new interactions (like

natural language querying or multi-step AI-guided analysis). This approach leads to more robust

insights than a narrow usability focus, and it guides me in re�ning the tools so they truly empower

users in their archival research activities. This style of user evaluation involving Gen-AI tools

in an activity system like the MSA's LoS hasn't been conducted before which is identi�ed as a

research gap. In Study 4, user studies and design re�ections are informed by AT: I consider the

motive behind user behaviors, the contextual constraints they face, and the systemic effects of

introducing new interactions through Gen-AI tools like ChatLoS. This approach leads to more

robust insights than a narrow usability focus, and it guides me in re�ning the tools so they truly

empower users in their archival research activities.

2.6 Ethical and Societal Considerations of AI in Archives

Any application of AI to cultural archives must grapple with a set of ethical considerations.

Historical archives are not just datasets; they are the raw materials of people's history and identity,

sometimes containing painful or sensitive information (such as records of enslaved individuals,
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war crimes, personal letters, etc.). Introducing AI into this domain raises questions about bias,

accuracy, transparency, and the impact on both users and the communities represented in the data.

One primary concern identi�ed in the AI ethics literature is the bias in AI models. LLMs

trained on Internet-scale data are known to pick up and amplify biases in their training text

[9]. Bender et al. (2021) caution that LLMs “encode and reinforce hegemonic biases”, often

re�ecting dominant viewpoints and potentially marginalizing others [9]. In an archival context,

this could manifest in an AI system that, for example, downplays the agency of historical subjects

from oppressed groups or uses inappropriate language when summarizing records about them.

Additionally, if the archival training data is skewed (many archives traditionally emphasized

records of elites over everyday people), an AI might reinforce that skew unless countermeasures

are in place. The concept of “algorithmic bias” thus extends to historical analysis: I must ensure

the AI tools do not perpetuate historical injustices or erasures. Strategies to mitigate bias include

thorough evaluation (as done in Studies 2, 3, and 4), incorporating diverse perspectives (via KGs

in Study 4 or community input as future work), and implementing �lters or checks for sensitive

content (also explored in Study 5) [9].

Another ethical issue is accuracy and truthfulness. Archives are often used to establish facts

(for legal cases, genealogies, etc.), so an AI that hallucinates or provides incorrect information can

have serious repercussions. The literature notes that hallucination in LLMs is a persistent problem

where models “produce outputs that are coherent... but factually incorrect or nonsensical” [46].

In my domain, a hallucination might be an AI-generated archival quote or statistic that is entirely

fabricated. This is unacceptable for scholarly or public history uses. Therefore, researchers

emphasize the need for transparency and veri�cation in AI-assisted archival research. [4] suggests

that GLAM institutions use AI in a way that they can “document their decision-making processes,
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data selection, and tool usage to mitigate biases” and maintain trust [4]. This means, for example,

logging which records were retrieved to answer a query and perhaps showing those to the user as

evidence. This is identi�ed in my research as part of the future work.

Finally, there is the question of impact on professionals and communities. The literature

generally frames AI as a replacement tool that frees professionals to focus on higher-level tasks [4].

However, to ensure this, archivists and librarians need to be involved in developing and deploying

AI tools – hence the signi�cance of Prong 1 in my study (so they understand what the AI does and

can curate and correct it). From the user community side, ethical use of AI means ensuring these

tools genuinely serve users' needs and do not create new forms of exclusion. For example, if an

AI interface is only in English, it might exclude non-English-speaking community members from

engaging with archives of their heritage; thus, multilingual support could be seen as an ethical

imperative for inclusive design [12]. The literature underscores that responsible AI for archives

must incorporate fairness, accountability, transparency, and ethics-by-design. My dissertation

re�ects these priorities. Moreover, the future work I envision aligns with ethical scholarship:

involving community stakeholders to guide AI development ensures that the resulting tools are

not just technically sound, but also culturally respectful and aligned with the values of those

represented in the archives. By reviewing these considerations here, I establish the guiding

principles that inform my research's design decisions and evaluative criteria.

2.7 Summary and Research Gaps

This literature review has examined the interdisciplinary landscape encompassing archival

science, data science education, Gen-AI, KGs, and AI ethics. The following key points have
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emerged: Cultural archives are increasingly digital and large-scale, offering rich opportunities

for computational analysis but facing challenges in accessibility and user engagement [3] [27].

Traditional methods alone are insuf�cient to tackle the volume and complexity of these collections.

• Computational thinking and data skills are now essential for modern archival work. There is

a documented skills gap among information professionals, and integrating CT into archival

education is a strategic priority [5].

• Gen-AI and LLMs represent a frontier for enabling natural language access to archives,

potentially transforming user experience by allowing conversational querying and automated

synthesis of information [12] [13]. However, these systems must be adapted to the domain

and come with caveats regarding accuracy and bias [9] [46].

• KGs offer a means to inject domain knowledge and context into AI systems and provide

users with novel ways to explore archival relationships [4] [17]. They could act as a bridge

between unstructured archival data and structured queries/knowledge.

• Application of AT based systematic user evaluation in designing and assessing use of Gen-AI

tools like ChatLoS in a cultural archives space.

• Ethical considerations are paramount: any solution must mitigate AI biases, prevent

misinformation, respect privacy, and involve stakeholders to ensure the tools align with

human values and social good [4] [9].

Through this review, I identify a clear research gap at the intersection of these areas. [3]

pointed out the lack of compelling case studies combining AI and archives [3] – this dissertation

seeks to �ll that void by providing several detailed case studies. Speci�cally, no comprehensive
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research follows a project from teaching computational skills on an archival collection all the

way to building an AI chatbot for that collection and evaluating one against the other. My work

therefore contributes novel insights into how educating users and augmenting systems with AI

can work in tandem to enhance archival access. The literature also suggests that experiments

with AI in archives are in early stages, often focusing on technical feasibility. This dissertation

pushes the boundary by critically assessing user interaction and effectiveness of Gen-AI tools

versus traditional methods in a real-world archival scenario, thereby addressing an important gap

in systematic evaluation research. In conclusion, the reviewed literature informs my research

questions and methodology, reinforcing the importance of a dual strategy: empowering the people

and improving the technology. The subsequent chapters will build on these foundations, each

contributing to �lling the gaps identi�ed.
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Chapter 3: Objective 1 – Empowering Archival Practitioners through Data

Science and Computational Thinking

3.1 Introduction

Archives and libraries today hold vast digital collections but remain challenged by ever-

growing data and the need to equip students and researchers with computational skills. As

highlighted in the literature review (e.g., [10] [31]), many archival professionals and humanities

scholars have limited training in data science and programming. This gap hampers effective

use of large-scale digital archives such as the LoS collections. In [58], the authors stress

on the importance of the disruption taken place in the Archival world with the emergence of

groundbreaking computing technologies that are now used in creation, sharing and storage of

artifacts, thus making it even more necessary for aspiring archivists to learn and be equipped with

the understanding of these new technologies. In [30], Underwood et al., argue that it is vital for

students aspiring to work with archives to understand the computational terms and develop their

computational skills to meet patrons' needs better, help with data analysis, and address any issues

or concerns that would arise. As part of the Research Objective I, in this Study 1, I address these

gaps mentioned above as a �rst prong of the overall research strategy by designinginteractive

Digital Computational Notebooks (iDCNs), a set of cloud-hosted learning tools that blend narrative
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text, code, and real archival datasets to teach basic data science in an archival context. This study

was presented, peer-reviewed and published as a full paper at the International Symposium on

Grids and Clouds, Taiwan in October 2021 [11]. The dataset I chose for this study is the CoF

dataset from the LoS, which records key demographic and historical details of formerly enslaved

individuals in Maryland between approximately 1806 and 1864. The overarching goals of this

study are:

• To develop hands-on learning modules that guide non-technical users in data-cleaning,

exploration, and visualization of an archival dataset.

• To integrate CT practices [31] such as data manipulation, modeling, and systems thinking

into archival education.

• Finally to assess the potential of iDCNs to enhance archival data literacy among students

and archival professionals.

The iDCNs were created using an open-source cloud-based web application tool calledJupyter

Notebooks(JNs),1 with the computational programming languagePython.2 These iDCNs get their

name also because they are tailored to teach computer programming through a step-by-step data

science driven analytical treatment of a dataset collection for analysis and visualization purposes.

Such a case study has not been conducted yet on a culturally rich dataset like the CoF. These

iDCNs would form a new learning environment which could become part of courses taught for

non-STEM higher education students across the country, including archival sciences. To evaluate

the acceptance of this novel educational tool among the students, and educators, after the iDCNs

1Jupyter Notebook - https://jupyter-notebook.readthedocs.io/en/stable/notebook.html.
2Python Documentation - https://www.Python.org/doc/.
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were created and tested, a user survey was distributed to current students and educators from these

programs and the responses were studied and understood for future improvements to this unique

learning tool. The rest of this study is divided into the following sections: Literature Review,

Research Problem and Questions, Approach, Results, Discussion, Future Work and Conclusion.

3.2 Literature Review

A literature review identi�es several research studies that use JNs as a teaching tool to

teach programming in higher education. In [59], Davies et al., created a set of JNs for bioscience

and informatics education. The paper details the anatomy of the JNs with explanations and

pictorial representations on how to set up the infrastructure and the environment for performing

basic computational commands using them. The authors convey the bene�ts of using JNs as

a user-friendly collaboration tool, encouraging reproducibility and allowing the sharing of the

modules, and explaining how educators could also use them as an assessment tool. The study

also performs case studies to teach basic programming and uses coding commands in tutorial

lessons, modi�ed to suit bioscience education's domain. Unlike my research, their project does

not seem to conduct a data-driven analysis of a real dataset. However, it publishes a survey

of experiences gathered from the students as part of a 6-week course that teaches them the

fundamentals of programming using JNs. In another study [60], Reades conducts an evaluative

research on how JNs performed in the teaching of programming to undergraduate students from

geography, another STEM background subject. This study explains the creation of three JN

modules called `geocomputational' modules and evaluated the JNs based on factors such as

minimal complexity, maximal �exibility, interactivity, utility, and maintainability. The authors
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published a detailed comparison of pros and cons of using JNs for teaching programming to their

undergraduate students. A similar study was conducted by [61] to prepare teaching materials for

electronics undergraduates through JNs. The authors created modules to teach the subjectDigital

Signal Processingto the students using these modules. The authors used thePythonprogramming

language to teach these STEM background students. The paper talks about the growth of JNs as

an increasingly accepted educational tool and how the supporting software libraries available for

Pythonlanguage makes it an attractive option for students and educators alike to incline towards

these open-source resources.

There is one notable archival study [62] which uses JNs in the Archives domain, a non-

STEM background. The authors highlight the ability of JNs to “see exactly the lines of code that

have produced the data, aid transparency and supply the necessary contextual information for

meaningful browsing.” They discuss the development of JNs with another software to enable

archivists to explore, investigate and analyse the metadata in the Netherlands Institute for Sound

and Vision (NISV) archive. The challenges faced by the authors in the development of these JNs

are discussed. My study differs from this work in how it introduces JNs to non-STEM students

and its step-by-step data science educational focus. The iDCNs created by my project not only use

the robust infrastructure already offered by the JN project, but also follow a set of proven practices

in performing a contextual data science driven approach on a culturally rich dataset collection.

This is an intentional decision to empower the scholars in archival domains with the much-needed

CT capabilities necessary to perform computational operations on the archived datasets, thereby

enhancing access to them.

In prior collaborative work [20], I conducted preliminary data science driven approaches

to the MSA's dataset collections through a detailed study on how to derive ”data background”

43



from the contextual analysis of data with collaborations with experts from different disciplines. I

used several tools, some of which were open source likeOpen Re�ne,3 R 4 for data exploration

and manipulation, and other industrial tools likeTableau,5 andNeo4j6 for data visualization

purposes. I documented detailed results from these analyses of MSA datasets, which also included

the cross-collection study on trying to link data between the two datasets. This current study deals

with a data-driven approach of one of these MSA datasets but in a different infrastructure. The

JupyterLab7 environment powered withPythonprogramming language's support for software

libraries allows me to perform most if not all of these operations in a homogenous environment

unlike the prior study where different tools were used for various data operations. This was one

of the important reasons for choosing JNs for developing iDCNs, as switching between different

tools could quickly distract beginners in programming from non-STEM backgrounds.

Weintrop et al., in [31] developed on the views of [63] and presented their framework for

applying CT practices to mathematics and science education. The four practices identi�ed in the

study are: data, modeling & simulation, computational problem solving, and systems thinking.

The authors formulated these practices from detailed experimentation and external reviews. As

mathematics and science education have been increasingly intertwined with the push of computing,

these practices were created to enhance instruction and learning [31]. The authors presented their

views and discussed a framework for applying CT practices to mathematics and science problems

in K-12 schools. The practices aligned well with the objective of this study, and I have attempted

to emulate them and document how they applied to the development of iDCNs. I needed to follow

3Open Re�ne - https://openre�ne.org/documentation.html.
4R - https://www.r-project.org/other-docs.html.
5Tableau Documentation - https://help.tableau.com/current/pro/desktop/en-us/gettingstartedoverview.htm.
6Neo4j Documentation - https://neo4j.com/docs/.
7JupyterLab Documentation - https://jupyterlab.readthedocs.io/en/stable/.
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a well-established best practices framework to make developing these iDCNs easy for me and

keep them logically arranged.

3.3 Research Problems and Questions

There is increasing demand for educators and students to stay abreast of learning and

teaching these new technologies. In addition, it would be vital to understand the computational

concepts behind the generation and dissemination of these digital artefacts. To equip themselves

with this skill and to address the increasing demand for distance learning, course content and

lesson plans appropriate to suf�ce these requirements need to be created. To solve these problems

in my project, I formulated the following research questions:

• RQ1A: Can a novel set of cloud-based iDCNs be developed with content used as a learning

tool to teach computing for higher education students from non computational backgrounds?

• RQ1B: Can the MSA's digitized CoF dataset collection be used to create the computational

content as a case study through a step-by-step contextual data science driven analytical

treatment?

• RQ1C: Can the CT practices introduced in [31] by Weintrop et al., be extended and applied

to non-STEM backgrounds in creating the computational content?

• RQ1D: Can the resulting novel learning environment be useful for the Library and Archival

Science educators and students? How would they react to such changes to their pedagogical

learning environment?
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3.4 Methodology & Results

To address the research questions, I divided the study into two main parts: (1) an exploratory

case study leading to the creation of a set of iDCNs using an open source tool, and JNs following

CT practices from Weintrop's Taxonomy [31], and (2) a user survey to gather feedback from the

end users of this educational tool ( students and educators with Library and Archival Science

backgrounds).

3.4.1 Creation of iDCNs - An exploratory case study

To address RQ1A and RQ1B, I used the CoF dataset, to build the iDCNs. The idea to use

the CoF dataset collection was inspired from the long-standing efforts by the MSA staff on several

projects, including the Faces of Freedom Project [64]. MSA's Projects, in addition to digitizing

the physical documents like CoF, have gone as far as turning data into people through stories and

documenting African American enslaved people's lives and experiences as described in [65]. In

the Faces of Freedom Project [64], the MSA approached a criminal forensic detective to use the

text description identi�ed from the CoF dataset collection to create a visual image of an enslaved,

later freed, person named Lot Bell. This unique rendition of textual content transformed into a

digital image inspired me to use this dataset to unravel stories from the hidden dataset through

data science and analysis. Papadakis et al., in [66] used a similar exploratory case study research

method to perform research on the effect of using ScratchJr to teach basic programming concepts

to pre-kindergarten students at a school in Greece. The exploratory case study method was well

suited for this part because it allowed me to focus on the historically and culturally rich dataset

features or columns available from this speci�c dataset. As these data features hold tremendous
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historical value and possess human sensitivity, I worked closely with historical subject-matter

experts and historical resources before manipulating the data.

3.4.1.1 Why theJupyter Notebook(JN)?

Jupyter Notebook(JN) is an open source web application, created in 2014, which enables

software developers and researchers to design, create, collaborate and publish their creative work in

the form of narrative text like stories coexisting with computational coding snippets that perform

speci�c tasks along with pictures and other media �les. This web application is an outcome

of Project Jupyter,8, a non-pro�t open-source project. In addition to the central product, the

Project community also has developed and implemented other products, namelyJupyterLab,

which is an integrated development environment. TheJupyterLabprovides a user interface that

allows developers to access resources like datasets, �les, and use them across multiple digital

JNs created in the environment. I usedJupyterLabto develop these notebook modules in this

study. Fully developed and tested JNs could be implemented as narrative HTML markdown �les.

In [59], Davies et al., have explained the anatomy of the JNs and they provide several training

resources [67] for beginners to advanced users. An important feature of JNs is the ability to use

them as a live editor to modify elements like Text and use different Markdown styling options

to make the content appear as paragraphs with headings, indentations, bulleting and other text

formatting. In [68], Smith details the usage of Markdown in developing JNs.

In [67], the authors discuss the bene�ts of using JNs in teaching and learning pedagogical

processes. The authors indicate that incorporating JNs bene�ts the course from increased

participation, engagement, and real-world understanding of the subject matter. They also point out

8Project Jupyter - https://jupyter.org/
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that students could bene�t from CT, active learning from wherever they are and whatever time

they want to, as the resources are free, open source, and cloud-based. Instructors and educators

could leverage these unique digital resources in several ways, notably as a learning material, as

demonstrative lectures, to perform online laboratory exercises, and to conduct exit ticket quizzes.

The authors also point out that the JNs are becoming popular in STEM areas and in Digital

Humanities, Social Sciences, Writing, Music, and Introduction to Programming courses. JNs

allow developers to include coding commands from many computing programming languages like

Python, R, however, I have usedPythonas it had supporting libraries for running a full suite of

data analytical methods like exploration, manipulation, analyzing and visualization of data. In

particular, it provides libraries that allow developers to create interactive visualizations for creating

networks from data, georeference areas by counties in the USA, create word clouds from textual

data, and plot interactive charts and graphs on the cleaned data.

3.4.2 Following CT Framework

To answer RQ1C, the approach is to adhere to the CT practices proposed by Weintrop et

al., as shown in Figure 3.1 and capture the list of CT practices that were followed during the

development of the iDCNs in this study, and justifying how these steps relate to the practices, so

the results could be extrapolated for further adoption of these CT practices in other areas to solve

complex problems.
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Figure 3.1: Computational Thinking (CT) Practices Taxonomy

3.4.3 User Survey

To address RQ1D, I performed an IRB-approved user survey study with graduate students

and educators collaborating in a non-STEM Library and Information studies course at two higher

education institutions in the USA. In [69] Sun and Oza proved that using a User Survey research

method effectively gauges the understanding and issues in using a collaborative online system

among 260 users. As these new cloud-based iDCNs would also be collaborative in nature and

accessed online, I decided to use this method to gather feedback on the tool. The results are

documented under the User Survey Results section.
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3.5 Results

We had two outcomes from the project's two main parts: the iDCN learning modules and

the user survey results.

3.5.1 Development of iDCNs

We arranged the new iDCNs into four learning modules as follows:

• Index Notebook

• Contextual Data Analysis and Manipulation - Part 1 Module

• Contextual Data Analysis and Manipulation - Part 2 Module

• Contextual Data Visualization Module

UsingJupyterLabas the development environment, andGitHub,9 a cloud-based version control

tool, I was able to update the version control �les. Once merged with the master branch, the

changes were instantly available. They were picked up athttps://cases.umd.edu10 which hosts a

public cloud-based infrastructure for demonstration, sharing, and collaboration of these learning

modules.

3.5.1.1 Index Notebook

As a starting point to this novel learning environment, the index notebook module was

designed in such a way that it conveys two things. One, through narrative text introduces the
9GitHub Documentation - https://docs.github.com/en

10Legacy Of Slavery iDCN Project - https://cases.umd.edu/github/cases-umd/Legacy-of-
Slavery/blob/master/index.ipynb.
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Figure 3.2: Screenshot showing a sample of Markdown edited text with Hyperlinks

LoS Project at MSA, from which the CoF dataset was utilized for this study. Another topic is

to show the various formatting options available on these iDCNs using Markdown text editing

such as Title, �rst, second and third level headings, creating a paragraph structure with bullet

points, highlighting, bolding and italicizing abilities, options to provide hyperlinks to external

resources, attaching images in line with the text, and other basic text editing features. Figure. 3.2

shows a picture of the index module's screenshot. One could click the next module or choose a

desired link from the available modules as shown in Figure. 3.2. This module's theoretical text

and pictorial representation was designed not to overwhelm non-STEM users with computational

coding commands up-front, but to provide a preface to the upcoming modules.

3.5.1.2 Contextual Data Analysis and Manipulation - Part 1 Module

Continuing from the index module, I created the data science modules starting with the

Part 1 module. According to the CT framework,data practicesinclude data creation, collection,

manipulation, analysis and visualization. As the CoF dataset was digitally created from the

physical scanned documents and data was collected by the MSA in their LoS database, the �rst
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two components of thedata practiceswere already satis�ed before this project. Using traditional

database access tools, the MSA's LoS database was accessed to extract the CoF dataset in a

commonly used comma-delimited �le format calledCSV.11 From [31], data manipulation activities

include sorting, �ltering, cleaning, normalizing datasets, and data analysis pertains to looking

for patterns or anomalies, de�ning rules to categorize data, identifying trends and correlations.

I created the iDCN module showing how to perform these data operations on the CoF dataset

using thePythonprogramming language. Also, the activities involved with these two CT practices

appear to be closely related as manipulation operations result in analysis which could lead to

further manipulation and analysis. Hence, I decided to combine them in this module. By mastering

these two practices, Weintrop claims that non-STEM students could work with “big data”, thereby

equipping them to bring any large datasets into a desired set up or con�guration and help them

make con�dent claims on the analysis they make.

As the Introduction section discusses, the CoF dataset has several culturally rich features. I

chose to operate on four of these: CoF Issue Date, Enslaved person's Prior Status before issuance

of the CoF, Enslaved person's Height, and Age. This decision was made for data manipulation

and analysis due to the features' categorical and quantitative nature. As coding commands start to

appear from this step, human interpretable comments were added to these commands to help the

students understand their high-level overview and functionality. The iDCN module was split into

two parts to keep the data operations demonstrable and modular. Part 1 processed CoF Issue Date,

Enslaved person's Prior Status features, and Part 2 took care of Enslaved person's Height, and Age

features. Figure. 3.3 shows a screenshot image of the Part 1 module notebook which shows code

commands to import software libraries accessed by thePythonprogramming language to create

11CSV reading in Python - https://docs.python.org/3/library/csv.html.
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Figure 3.3: Screenshot showing Part 1 module withPythoncode snippet to import csv and read
�rst few records

dynamic data structures that would be used further for data operation. The module begins with

importing the CoF dataset uploaded to the project's Dataset folder as shown in Figure. 3.3. The

dataset is then stored inPythonprogramming memory into data structures called`data frames'

similar to database tables. Further commands are run to display the �rst 10 rows of the data frame

stored, then the focus shifts to the CoF Issue Date feature. Several data manipulations are run to

�rst �lter the unique formats and values, then to clean the date values into a standard format and

substitute incorrect date values to a code, `NaT', which could be parsed in the next step to isolate

the erroneous records for further analysis or to perform corrections at the source data by sharing it

with the MSA. Upon analysing the resulting values of error records, I could point out interesting

patterns and anomalies with the data collected by the MSA for this date feature. In Figure. 3.4,

of the 657 erroneous date records, two with a length of 6 digits were �ltered for further analysis.
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Figure 3.4: Screenshot showing data manipulation of erroneous date records from the CoF dataset

This resulted in the display of two rows from the dataset as shown in Figure. 3.4. Using this

information, MSA's database was searched to �nd the scanned CoF record for the enslaved person

named Jeremiah W. Brown, which showed that, on the physical recorded CoF, the day was not

legibly visible as highlighted with blanks. This is a classic example of data manipulation and

analysis steps that could help students quickly identify the root cause of problems with the source

records. Similar interesting patterns were uncovered when working with the Enslaved's Prior

Status feature, which is a categorical data. There were different formats of data capture like `born

free', `free born', `Born free', etc which could be grouped into a single value, however, values like

`Descendant of a white woman' as shown need to be �xed with the help of historical subject matter
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experts since it possesses contextual information. To resolve this problem, I consulted historians

who provided valuable insights that the person should be considered `Free' by being born to a

white woman. This shows the importance of collaborating with historians to perform speci�c key

data manipulation and analysis tasks on the dataset collections of the �eld. The module follows

with further code commands. After these data operations were completed, the in-memory data

frame was saved to an outputCSV�le which could be used in the next module, Part 2.

3.5.1.3 Contextual Data Analysis and Manipulation - Part 2 Module

The CoF dataset's Height and Age features were worked on for the Part 2 module, whose

input was the output dataset saved with new features from Part 1. Similar to the two features

from Part 1, the Height feature had some anomalies. These features also required contextual

historical data, so I consulted subject matter experts. They were able to provide their research

results surrounding these features referring me to a study by Margo and Steckel in 1982 [70],

who performed an analysis of the height and age from the Enslaved Manifest data of around

50,000+ enslaved people shipped between 1811 and 1861 to ports like Baltimore, Richmond and

other cities from the Port of Savannah in USA. According to this study, the average height of

enslaved people was around 67 inches. In the same survey where another set of Enslaved People's

appraisal records showed the maximum height was found to be around 72 inches. This essential

collaborative insight led me to identify the outliers above a height of 80 inches and below a height

of 5 inches. I found four entries with invalid values as shown in Figure. 3.5. On performing a

detailed analysis of looking up scanned documents of the records related to these error records, a

result appeared as shown in Figure. 3.6 where for the enslaved person Milly Farmer, the date was
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Figure 3.5: Screenshot showing erroneous values of Height feature after data manipulation
operation

physically recorded as four feet eleven and three quarter inches however the data was digitally

recorded as 4' 44.75” indicating an error. These entries were captured as having the incorrect

value `NaN' and shared with the MSA for source correction. It should be noted that in all the data

manipulation tasks where the source data has to be changed, the modi�ed data was stored as a new

feature without touching the source data in the feature. This also teaches the students working on

such projects to store the source data during such manipulation procedures. This module �nishes

by saving its results into an output CSV �le for the next module, contextual data visualization.

3.5.1.4 Contextual Data Visualization Module

Weintrop [31] asserts that applying data visualization practice to the computational treatments

helps students to effectively convey stories and insights gleaned from the previous data manipulation

and analysis tasks. This module's key objective was to create meaningful context-based visualizations

that highlight the �ndings as stories. This iDCN module starts by showing how to import speci�c

unique software libraries likeplotly,12 bokeh, 13 networkx, 14 wordcloud, 15 which are necessary to

12Plotly Documentation - https://plotly.com/python/.
13Bokeh Documentation - https://docs.bokeh.org/en/latest/index.html
14NetworkX Documentation - https://networkx.org/documentation/stable/index.html.
15Wordcloud Python - https://pypi.org/project/wordcloud/.
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Figure 3.6: Scanned CoF document of Milly Farmer highlighted with the height recorded at source

perform the visualization tasks. This adds to the bene�t of creating dynamically changing graphs,

charts, geomaps, and network graphs. In Figure. 3.7 and Figure. 3.8,plotly's iplot package was

used to create basic histograms of the newly created CoF features Enslaved's Age and Height. It

could be seen that most enslaved people were between the ages of 20 and 40, and within the height

range of 60 - 75 inches, which matches the study by Margo and Steckel [70]. A plot between

gender and the number of CoF's issued by year showed an interesting historical contextual �nding

as shown in Figure. 3.10. As can be seen, there was a spike in the number of CoFs issued in

1832. By applying contextual historical analysis, historians identi�ed that two key historical events

are believed to have occurred between 1831 and 1832 according to Maryland's state history as

described in [71] on page 29. Although I cannot make cause-effect relationships between these

two factual �ndings, this kind of insight would not have been possible without the application of

data science techniques followed in this project. These �ndings show how non-STEM students

and educators can use the iDCN modules and help them identify patterns and make necessary
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Figure 3.7: Screenshot showing a histogram chart between Age feature and the number of CoFs
issued

Figure 3.8: Screenshot showing a histogram chart between Height feature and the number of CoFs
issued

connections that may not have been possible without a data-driven approach. Another unique

visualization of geo maps was plotted using theplotly express's choropleth map box technique,

which uses the FIPS code, a unique code given to each county in the USA, to plot the desired

features on the map of the USA. In Figure. 3.11, an interactive map has been plotted that shows

the color of the counties based on the weight of the counts of CoF's issued for them. This module

also touches on the Natural Language Processing abilities of the wordcloud library supported by

Python. From the CoF's Notes features, which included the handwritten text by the digital data

transcribers at the MSA, I showed how to code a command to create a word cloud that results in a
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Figure 3.9: Screenshot showing a pie chart of percentage of CoFs issued by gender

Figure 3.10: Visualization showing number of CoFs issued by Year from the CoF dataset

Figure 3.11: Screenshot showing a geomap diagram using FIPS County codes in MD state of the
USA
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graphical representation of the most commonly used words. This type of visualization could be

used as a starting point to research the dataset's text-oriented features further. These four iDCN

modules together form a coherently arranged learning tool that non-STEM educators and students

could harness to understand digitized data appropriate to their �elds better.

3.5.2 User Survey Results and Analysis

To conduct the user survey with the graduate students and educators with non-STEM

backgrounds, the University of Maryland's Institutional Review Board (IRB) was contacted and

presented with a package of the elements of the survey, including providing a CONSENT form,

which was to be signed by survey participants at the beginning of the survey study. The IRB

members reviewed the package thoroughly for human-subject research determination and approved

the survey for distribution. The survey was designed to be anonymous and no personal information

was captured. The survey had three sections: a CONSENT form at the front, a Yes or No question

requesting users to answer if they could review the iDCNs web page hosted publicly, and a set of

seven questions grouped on a Likert scale as given below. The Likert scale questions were not

mandatory, and the students could skip any questions if they were uncomfortable answering them.

These were on a 7-level Likert scale: Strongly disagree, Disagree, Somewhat disagree, Neutral,

Somewhat agree, Agree, and Strongly Agree.

• Q1: Were the iDCN modules arranged logically and coherently?

• Q2: Does the idea of making text, pictures, visualizations along with computer programming

code co-exist together, help make the iDCNs easy to understand?

• Q3: Do the iDCNs modules look appealing or inspire learning about the chosen dataset
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collection?

• Q4: Does learning from the iDCNs provide the same aesthetic value or more or less as

studying from a paperback book / traditional book?

• Q5: Do the entire iDCNs modules follow the CT framework introduced and identi�ed in the

index module?

• Q6: Were these iDCNs educational?

• Q7: Can these iDCNs be used for further course development with other dataset collections?

The survey was distributed to two groups of students and educators, most of whom I believe were

being introduced to this learning tool for the �rst time. It was sent to an overall count of n=37

participants of which 4 were educators and 33 were students. Of the 37 survey recruits, 31 were

able to complete the survey at a response rate of 83.7%. 2 of them were unable to review the

iDCNs and four were unable to complete the entire survey. Of those 31 who completed the survey,

only one could not answer all seven close-ended Likert scale questions. From Figure. 3.12, which

shows a chart of responses to these seven questions, the results were analyzed holistically for

overall feedback and key inferences were made. Although the sample size is not large enough to

make generalizations from the survey evaluation, the survey results capture �rst impressions and

provide signi�cant insights into the possible adoption of this novel educational tool for non-STEM

educational areas. Survey responses were overwhelmingly positive on all seven questions, with

some stronger reservations on questions Q3 and Q4, which probe on the look and feel side:

contrasting iDCNs to traditional books, and asking about their appeal. This is valuable feedback,

as one can be taken aback initially by experiencing what may look like a “wall of text and code
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Figure 3.12: User Survey Results of Likert scale questions for the iDCNs, (n=31)

boxes.” This suggests that particular care be given to telling an interactive computational story and

its visual composition and representation. It was particularly encouraging to �nd highly positive

feedback for questions Q6 and Q7, which indicate that the iDCNs were educational and that such

courses could be developed for other dataset collections. This shows that I achieved the primary

objective of the �rst prong in developing the iDCNs as a learning tool for promoting CT practices

and encouraging the non-STEM students to adopt computational methods. One of the students

with a historical background who was on the list of survey recruits sent a direct email to me with

comments, as quoted below. I was unsure if the student completed the survey due to the anonymity

of the data capture, however, these comments indicated positive feedback.

”I think that some of the graphs that have already been created here do a good job

of demonstrating the power and �exibility of these tools. The ability to deny or

substantiate all sorts of historical claims using hard, quantitative data is of MASSIVE

value to historians in the �eld. We've never been able to do this before on this scale,
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much less make it transferable to other scholars.”

3.6 Discussion

Though the objective for this study was achieved and the RQs were answered, it is understood

that introducing a novel learning platform like this for traditional learners could be a challenge

initially. To bring back the point made by Levander and Decherney in [72], on how internet

accessibility is a central issue with regards to underserved populations, the need to get online

to access these iDCNs might pose a signi�cant challenge to reach all groups of students and

educators. This challenge is particularly true for any online learning platform and needs to be

addressed at an overarching higher educational level. Although the modular nature of the iDCNs

that were developed provides a coherent way to navigate within the course content, the impression,

as seen from some of the survey responses for Q1, indicates that this area could also be improved.

This shows the limitations of working with an open-source tool designed and developed originally

for purposes other than as a learning tool.

3.7 Future Work and Conclusion

In this study, I demonstrate designing and developing a set of iDCN modules and walk

through a step-by-step process of performing contextual data science-based analytics and visualization

on the CoF dataset. These iDCNs were designed based on an established CT framework. A user

survey evaluated the resulting modules and showed positive feedback with potential to expand to

other such datasets. This shows that the research objective I was successfully handling for the �rst

prong strategy of this dissertation. As future work, this infrastructure could be developed to harness
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the power of integrating with more software libraries to create iDCNs that could explore datasets

on topics like Machine Learning (ML) concepts and advanced Natural Language Processing (NLP)

processes. By creating, sharing, and making these open-source learning platforms available online

for free, these resources help students, educators, and researchers worldwide leverage these and

bene�t from them. The iDCN modules have been published at thehttps://cases.umd.edu.16 The

source code is also published toGitHub. 17

16Legacy of Slavery - https://cases.umd.edu/github/cases-umd/Legacy-of-Slavery/blob/master/index.ipynb.
17Legacy Of Slavery GitHub project - https://github.com/cases-umd/Legacy-of-Slavery.
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Chapter 4: Objective II – Designing and Evaluating Gen-AI Solutions for Enhanced

Access

While Objective I demonstrated that iDCNs can empower archival students and researchers

with computational skills, the reality is that not everyone will become a programmer or data

scientist, nor will all trained individuals be able to manually process the vast and complex

datasets found in cultural archives. Education and skill-building are necessary, but they may

not be suf�cient to bridge the accessibility gap fully. This recognition sets the stage for Prong

2—integrating advanced Gen-AI tools to lower barriers further and enable users to interact with

archives more intuitively, natural language-driven. The Research Objective II forms the �rst part

of this second-prong approach towards leveraging, evaluating and optimizing Gen-AI (via unique

retrieval systems, Gen-AI agents) to create innovative Gen-AI applications (such as interactive

conversational platforms aka chatbots [6]) for enhancing access with digital archives. This

objective is made up of two studies.
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4.1 Designing and Developing ChatLoS, an Gen-AI Powered Conversational

chatbot

4.1.1 Introduction

Gen-AI offer an innovative interface to archival data that can democratize access, allowing

students, researchers, and the public to discover and learn from archives in a conversational,

context-aware way, while maintaining the ethical safeguards necessary for trust in AI-generated

archival narratives. This study, peer-reviewed in 2023 and to-be published in 2025 at [73], adopts

an exploratory case study and design science approach to build one such Gen-AI chatbot, named

“ChatLoS,” leveraging OpenAI`s GPTs and using a speci�c mechanism called Retrieval Augmented

Generation (RAG). ChatLoS enables natural language querying of LoS datasets, speci�cally DTA,

through iterative prototyping and real-world user testing, removing the need for database schema

knowledge. This study, however, was approached with a need for a high degree of cultural

sensitivity and awareness of the ethical implications involved. Considering the sensitive nature of

the DTA dataset, it is paramount to treat the data and the resulting analysis with utmost respect,

ensuring the enslaved individuals` experiences and identities are neither trivialized nor exploited.

The study examines performance metrics such as user satisfaction, accuracy, and ethical risks like

hallucinations.

4.1.2 Background

For this study, I used the DTA dataset from the LoS collection. After performing preliminary

data exploration and a cleaning process, I created a test dataset based on a subset of the records
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covering the �rst 10 years of the collection (from 1824 to 1834), which resulted in over a third

(35%) of the dataset or 764 records. In addition to the digitally transcribed metadata features on

this dataset, I realized that the project`s real bene�t could be vastly enhanced if the text from the

advertisements was available to be fed as input to the GPT model. To achieve this, I used an OCR

tool ABBYYFineReader[74] to extract the text for each of these 764 ads, and the entire dataset

was augmented with this new feature. The objective in using this DTA dataset was to explore

if Gen-AI solutions using the LLMs can provide an interactive chat interface to reveal hidden

insights in the ad patterns or the behavior of the slave owners or enslaved people during this period.

For example,did more sales occur during December than certain other months because enslaved

people are sometimes bought and sold as gifts?Although this may be a horrid concept to the

modern sensibilities, remember that enslaved people were considered commodities, as valuable in

many instances then as a prized horse or a new car today.Did the south westward migration which

followed the 1820 Missouri Compromise provoke more purchases of enslaved Blacks to plow new

lands?Answers to such questions and illustrations of which skills, physical traits (age, gender,

build, complexion), and departure sites were most often advertised may reveal preferences to the

slave trade that vary from a general belief that any young African male was always in highest

demand. The MSA's director asked some of the above questions due to the domain knowledge

expertise and close association with the cultural archives. To �nd answers to these questions using

non-AI tools, the director needs to employ staff with the computational skills required to perform

these analyses, or the director should be equipped with the skills necessary. With Gen-AI tools

introduced through this study, the MSA director could chat with the conversational chatbot to ask

questions in natural language without having to perform complex and advanced data analysis on

the semi-structured dataset such as the DTA. This advancement quickly enhances access to the
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underlying culturally rich archives datasets such as the DTA, and to realize stories that have not

been unearthed before.

4.1.3 Research Question

To achieve the objective set for this study, I came up with a main research question below:

• RQ2: What are the potential bene�ts and challenges associated with utilizing LLMs, such

as OpenAI`s GPT, to develop a tailored chatbot capable of exploring data from high cultural

context datasets and unveiling previously undiscovered relationships and patterns within

this data?

4.1.4 Methodology and Approach

The approach for this study follows an exploratory case study and design science methodology.

By creating a unique”ChatLoS”, which acts as the virtual archaeologist aka the DTA Help Desk

for any archival enthusiasts, this study involves the exploration of the DTA dataset as a case study,

as well as a design science product due to the conversational interface that`s interactive with the

end users. The idea behind this Gen-AI chatbot was to use the trimmed exploratory DTA dataset

with 764 records as a CSV �le and allow users to chat against this dataset without knowing the

underlying data layout or column names, but with the contextual understanding of what`s in the

dataset. As noted earlier, the DTA dataset was augmented with additional features to supplement

the structured metadata of this CSV �le. As part of this process, other features on this dataset

were also prepped to be AI-ready. Upon completion of the data cleaning process, the CSV dataset

was imported into a custom software project1 that used the OpenAI GPTs via OpenAI API, the
1https://github.com/rgnanase/los-gpt/blob/main/api.py
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Python language, the LangChain2 libraries, and open source web application projects to process

the CSV dataset and create an interactive user interface. A key feature of this project is employing

a speci�c mechanism called RAG, explained below.

4.1.4.1 ChatLoS with RAG mechanism

For this study, I implemented a widely used technique for creating Gen-AI conversational

interfaces called RAG [75] in the custom software project to developChatLoS. In simple terms,

the project is like a recipe for a computer program that helps us understand the dataset collection

of DTA about the slave trade in Maryland. These ads could be considered a gigantic book too big

to read simultaneously. Firstly, this program reads the whole book and then divides it into smaller,

more readable parts named ”chunks”, like chapters in a novel. Secondly, after it breaks down

the big book into chapters, it gives each word in the chapter a unique label called ”Tokenization”

for easy reference. Thirdly, a special program translates these tokenized words into a unique

computer-friendly language, called vector embeddings. The program then saves these translated

tokens in a vector database. Then, the retrieval system comes into play. This technique allows the

chatbot to work with the pre-trained LLM on limiting what information it uses to respond to a

question. This method combines the capabilities of the LLM with a dedicated retrieval system to

enhance the model`s ability to generate accurate and contextually relevant responses grounded on

the data available from this reference system, in this case, a database containing the combined

DTA dataset augmented with the OCR text. I have provided the steps shown in Figure. 4.1 to

understand how this works. Here`s a simple breakdown of the image using the DTA dataset as an

example:

2https://python.langchain.com/docs/getstarted/introduction.html
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1. Query: Imagine an end user using ChatLoS to ask a question about the history or speci�c

details in the DTA dataset.

2. Generation Embedding: The query is �rst processed to understand its context and intent.

This involves converting the text of the query into a numerical form that a computer can

understand (embeddings). These embeddings are then used to retrieve relevant information

from a database.

3. Retrieval System - Chroma: The system named `Chroma` in the image acts as the retrieval

component. It contains a vector embeddings database—in this case, it would contain

digitized and processed text from the combined and augmented DTA dataset already

provided as input earlier. The embeddings from the query are used to �nd and retrieve the

most relevant documents or data entries from this database.

4. LLM Context Window: The retrieved documents are combined with the original query to

form a rich context window. This context window provides a comprehensive background

for the LLM to generate an informed response.

5. Answer: The LLM uses the enriched context to produce an answer that is not only based on

its pre-trained general knowledge but is also explicitly informed by the historical data from

the retrieved documents. This way, the answer is more accurate, detailed, and contextually

relevant to the speci�c query about the DTA dataset.

In practical terms, using the augmented DTA dataset, this RAG setup could help users rediscover

intricate details and stories of individuals advertised in these ads by pulling exact historical data

that matches their queries, thereby providing richer and more insightful responses. The results
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Figure 4.1: Retrieval Augmented Generation [76]

from these ChatLoS-type conversations are discussed in the following section. The sections below

provide a detailed step-by-step account of the script features.

4.1.4.2 Reading and Tokenizing the Dataset

The `startopenaidb` function begins by opening and reading the dataset �le. The text

content of the �le is then tokenized using the `tiktoken`3 library from OpenAI, which provides

an approximate count of the tokens present in the text. Tokens, special computer-friendly atomic

units of processing in language models like GPT, are used here to identify, count, and manage the

pieces of text being worked with.

3https://pypistats.org/packages/tiktoken
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4.1.4.3 Text Chunking

The text data is then divided into manageable ”chunks” using the

`RecursiveCharacterTextSplitter` from the ”langchain” library. The process of chunking is a

pragmatic necessity when working with large datasets, as it allows data to be broken into smaller,

more manageable pieces that are easier for the Gen-AI model to process and analyze. The chunks

are created with a speci�ed size (350 tokens in this instance) and overlap to ensure continuity and

coherence in the processing. Each chunk is also tagged with metadata — a unique identi�er (its

index in this case) for reference and tracking purposes.

4.1.4.4 Creating Vector Embeddings

The langchain library`s functionalities are further leveraged to create vector embeddings

from the chunks. Embeddings are representations of the chunks in a high-dimensional vector

space, enabling the capturing and encoding of semantic information from the text in a manner

useful for machine learning models. These embeddings are stored in a `Chroma`4 vector database,

a powerful tool for managing and querying vector data.

4.1.4.5 Constructing the Conversational Retrieval Chain

The `ConversationalRetrievalChain` is constructed from the language model, vector database,

and a memory buffer. This chain, powered by the GPT model, forms the core of the conversational

Gen-AI system. It uses the vector database to retrieve relevant responses and the memory buffer

to store conversation history. The chain enables the Gen-AI to maintain context throughout the

4https://python.langchain.com/docs/modules/dataconnection/vectorstores/integrations/chroma
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interaction, resulting in more coherent and context-aware responses.

4.1.4.6 Interaction with the ChatLoS User Interface

Finally, a POST endpoint named `sendopenai` is set up, which accepts text input, processes

it through the Gen-AI model, and returns the AI`s response. When accessed with the appropriate

text input, this endpoint triggers the Gen-AI model to generate a response, marking the culmination

of the data preparation and model setup process.

In conclusion, the preparation of the DTA dataset, its transformation into tokens, the

subsequent chunking process, the construction of the retrieval chain, and the eventual conversation

with the Gen-AI model (the chatbot) constitute a meticulously orchestrated setup of data and

AI, unlocking unprecedented insights into the DTA dataset. A sample conversation using the

chatbot from this step is shown in Figure. 4.2 and 4.3 below. The responses from this version

of the chatbot to the question on ”how many advertisements” it has stored in its context imply

that it could only store the textual data for a few of the 700+ advertisements that were chunked

and retrieved based on the semantic search against the vector database. Any responses to the

questions would be limited to the text data found in these few advertisements. However, a unique

advantage with the ”chunking” process is that depending on the question, the model would select

other advertisements to be placed in its memory to curate an appropriate response.
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Figure 4.2: Simple RAG based ChatLoS v1 response for a sample name search question
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Figure 4.3: Simple RAG based ChatLoS v1 responding to a sample aggregate question
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4.1.5 Results and Discussion

4.1.5.1 Prompting in Gen-AI

Prompting involves feeding a user-generated input to a language model, which then infers

a completion [77]. For instance, if the input is ”4 + 3 = ”, the LLM would likely respond with

”7”. Using prompts to extract valuable data from a model is called ”Prompting”. This technique

does not require a sizeable of�ine training set or of�ine access to a model and feels intuitive for

engineers and non-engineers. The process starts by identifying a problem that could be solved

using prompting. These are problems to which well created prompts might elicit the desired

behavior from the language model. Creating these ”prompts” requires some basic knowledge and

careful consideration of factors like being assertive rather than defensive, and being concise rather

than repetitive. Working with a historical and cultural context such as the DTA, creating prompts

becomes a vital step, even though it could be considered a trivial task in the grand scheme of

things.

4.1.5.2 ChatLoS as a Contextually-aware Gen-AI Chatbot

Another signi�cant expectation from a tool like ChatLoS that uses a culturally sensitive

dataset such as the DTA is to be contextually aware of the data and respond to questions accordingly.

The whole point of enhancing ChatLoS with RAG is to use its ability to understand the common

aspects of a language like ”English” to build on a speci�c knowledge domain. In this case, the

reference knowledge was performed on the OCR text column of the DTA dataset records, and the

ChatLoS was expected to limit the responses to the context learned from this text. Below are the
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results on how ChatLoS performed. In Figure. 4.4 and 4.5, the simple RAG based ChatLoS is

seen to respond that it could not �nd references to the people asked about who are commonly

known and prominent �gures in American History. This indicates that the ChatLoS is tuned to the

domain knowledge it learned on the 764 rows of DTA.

4.1.5.3 ”Explainability” in ChatLoS v1 (Simple RAG)

A key design feature implemented in ChatLoS v1 (the Simple RAG-based version) is the

inclusion of anexplanation layeralongside its generated responses. This feature was introduced to

promote transparency, trust, and user interpretability—particularly crucial when deploying Gen-AI

on culturally sensitive collections like the LoS datasets. In this version, the system provides

not only an answer to the user's question but also an explicitexplanation of the retrieval and

generation process. The user interface displays a collapsible panel labeled“ Gen-AI explanation

behind the response”, which details:

• How the model interpreted the question.

• That it searched a vector database using similarity-based retrieval.

• A breakdown of the prompt, context, and instructions used to generate the answer.

For instance, when the question“Who is George Washington?”is asked, the chatbot

explicitly states:“The context does not contain any information about George Washington”, and

the explanation panel logs that no matching entries were found in the context window. It further

reveals a system-level instruction:“If the answer is not in the context, just say you don't know or

that the context doesn't have the required information; do not hallucinate or provide out-of-context
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answers.”This directive reinforces ethical safeguards and prevents speculative or misleading

completions.

This explainability feature addresses several critical concerns:

1. Mitigation of Hallucinations: By disclosing that the model's outputs are based only on

retrieved context, the system reduces the risk of hallucinated responses—especially important

when handling marginalized histories and records of enslaved individuals. For example, in

response to an irrelevant question about George Washington, the model correctly admits that no

context is available, rather than fabricating an association.

2. Ethical Transparency: Gen-AI systems, particularly those interacting with historical archives,

face signi�cant scrutiny regarding trust and veri�ability. Showing internal logs and search contexts

allows researchers and users to evaluate the provenance of the model's conclusions.

3. Cultural Sensitivity: The LoS collections contain sensitive narratives. In this context, the

ability to trace responses back to semantically retrieved segments—such as a sale advertisement

mentioning an individual namedJacob(as illustrated in Figure. 4.2) supports respectful and

grounded engagement with the material. These responses include metadata such as ad date,

location, and document source (e.g., Cambridge Chronicle), aligning with archival norms for

source citation and authenticity.

4. Empowering Accountability: The design of ChatLoS v1 encourages archivists, researchers,

and even general users to understand how the system arrives at an answer. In the example shown

in Figure. 4.3, the model not only lists the number of ads retrieved but also details the publication
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dates, content summaries, and source newspapers, ensuring that outputs can be independently

validated.

In summary, the explainability layer in ChatLoS v1 fosters ethical deployment by reinforcing

non-hallucinatory behavior, improving trust in results, and offering a self-documenting trail of

interpretability. While this version does not yet support aggregation or cross-collection reasoning

(limitations later addressed in the ChatLoS v2 and v3), it sets a strong ethical foundation for

generative archival interfaces by embedding transparency directly into the interaction loop.

4.1.6 Limitations & Future work

Despite the signi�cant promises of Gen-AI and LLMs, it is critical to address ethical

considerations, especially the risk of generating synthetic data that may mislead or misinform

users [78]. Therefore, while Gen-AI holds transformative potential for archival work, careful

application is paramount to ensure its bene�ts are realized ethically and responsibly. LLMs, as

seen above, are a powerful tool that could be leveraged to analyze historical data, however, caution

should be exercised as LLMs may inadvertently introduce biases into their outputs, re�ecting

the biases in their training data [79]. Therefore, the potential of LLMs' ability to manage and

make sense of digital archives is immense, and their deployment needs to be monitored for ethical

application and potential bias in their outputs. With the contextually aware ChatLoS version, as

noted earlier, and with the RAG enhanced mechanism, there are signi�cant issues when performing

advanced data analysis on the DTA dataset. This is because ChatLoS only retrieves speci�c blocks

of information stored as chunks, and this method isn't conducive to performing aggregate data

analysis. This approach is valid if one wants to search for a speci�c record from the DTA dataset
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Figure 4.4: Simple RAG based ChatLoS v1 showing prompt and retrieved context
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Figure 4.5: Simple RAG based ChatLoS v1 responding to out-of-context questions
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based on speci�c keywords and to limit the knowledge of the responses to a particular domain. To

address this challenge, I conducted the Study 4 which employs an unique Gen-AI agentic approach

to perform advanced data analysis on the DTA dataset.

4.1.7 Conclusion

In conclusion, to answer RQ2, OpenAI`s GPT LLM was used to create ChatLoS. This

contextually aware conversational chatbot contained knowledge based on the RAG enhancement

using the MSA`s DTA dataset. The RAG enhanced chatbot showed how it employs a chunking

process that breaks down large amounts of text data into manageable pieces for more ef�cient

querying and processing by the language model to learn appropriate context. This enables the

chatbot with a short-term memory buffer to store user inputs and system outputs for a particular chat

conversation. This method optimizes performance and resource allocation by not simultaneously

overwhelming the language model with excessive data, thereby failing with errors. The chunking

process is critical for maintaining the coherence and consistency of a conversation, mainly when

the conversation involves large volumes of data. It allows the language model to work in a

manageable context, improving the accuracy and precision of its outputs for questions with

speci�c record searches in mind. Despite its limitations, this is a powerful tool for the users of

ChatLoS as it abstracts the users from the underlying data schema and allows them to chat in

natural language freely. This is a paradigm shift in accessing the cultural archives data. With

further enhancements in the upcoming studies, I will show how the Gen-AI space is conducive to

such use cases.
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4.2 Enhancing ChatLoS for Advanced Aggregate Data Analysis using Gen-AI

Agents

4.2.1 Introduction

Study 3, peer reviewed and published in March 2024 [14] forms the second part of the

Research Objective II. This study focuses solely on enhancing ChatLoS, developed in Study 2,

to achieve capabilities to respond to DTA dataset-speci�c data aggregation analytical questions

in natural language statements without knowing the details of the metadata or columns. Upon

successful enhancement, I also perform an empirical comparative study to assess how the ChatLoS

data analysis responses compare to results from traditional data analysis using a commonly used

tool such asTableau[80]. I also provide a comprehensive metrics analysis comparing the results of

both studies. If an interactive conversational chatbot like ChatLoS can accurately and appropriately

respond to data aggregation analytical questions from users in natural language format with no

background knowledge of the dataset's metadata, this would be an excellent practical advantage

and bene�t for agencies like MSA and their patrons or users to use this in place of expensive

license-based tools like Tableau, Microsoft'sPowerBI[81], etc. This use case can further validate

the authenticity of the data grounded in the limited MSA domain and enhance access to the

underlying archival data. For the remainder of this paper, the primary focus would be to showcase

my efforts in addressing the task above as part of this project's objective. The rest of the paper is

divided into the following sections: Research Methodology & Questions, Approach, Results &

Findings, Future Work, and Conclusion.
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4.2.2 Research Methodology & Questions

I have chosen the empirical comparative study methodology for this project using the DTA

as the case study dataset. To address this study's speci�c objective mentioned above, I formulated

the following research question:

• RQ3: Is it possible to design and develop an interactive chatbot using the GPT models that

can perform data aggregation analysis from natural language questions on the underlying

high cultural dataset? If so, can we compare the results of GPT models with traditional,

non-AI exploratory data analysis models based on pre-de�ned metrics?

4.2.3 Approach

To address the RQ3, I enhanced the ChatLoS designed and developed in Study 2.

4.2.3.1 ChatLoS using Langchain's CSV Agents for Advanced Data Analysis

To address RQ3, I performed a unique implementation, which is not a usual utilization of the

LLMs. However, in this step, the aim is to use a unique function named the `createcsv agent` [82]

which is part of the Langchain Python module, a framework designed to develop applications

powered by language models, with a focus on being data-aware and agentic. It is used to

generate an agent that can interact with CSV �les and is primarily designed for question-answering

applications. By chaining this function with the OpenAI's GPT model, an Gen-AI chatbot could be

created that takes natural language data aggregation questions, identi�es the correct data columns

to query the structured data such as a CSV, and respond with accurate results. A simple example of

a chat conversation is shown in Figure. 4.6; let's understand how ChatLoS aggregates the number
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of advertisements placed in a speci�c county named “Harford” in Maryland. Figure.?? shows the

terminal printed output of the chatbot model that runs the ChatLoS. For an input question by the

user, the CSV agent reframes the question to a “thought prompt” and feeds that into an appropriate

format to the underlying GPT model.

1. Thought: The reframed prompt from the question asked by the user to ChatLoS.

2. Action: The action taken by the agent to resolve the prompt is speci�ed as `pythonrepl ast'.

This refers to executing a speci�c Python code in a Python REPL (Read-Eval-Print Loop)

environment or any interactive Python interpreter.

3. Action Input: Based on the “Thought,” the agent �nds the best possible columns to perform

aggregation queries in Python code from the imported CSV �le, in this case, the DTA �le.

A Python code is then executed, for this example, df[df[”County”]==”Harford”].shape[0].

This code �lters the data frame df (Python's imported CSV dataset) based on the condition of

[”County”]==”Harford.” It selects rows where the ”County” column value equals ”Harford.”

The shape[0] part returns the number of rows in the resulting �ltered data frame.

4. Observation: The result of executing the code is provided as an observation, which states

that the output is 2. This suggests that after applying the �lter, there are two rows in the

dataframe where the county is ”Harford”.

The signi�cance of this approach is that ChatLoS converts natural language words into syntactical

queries used to perform �ltering functions on the underlying data. A major bene�t of this is that

the users do not have to know the column names of the underlying dataset they are querying

on, instead, they ask intuitive questions as “prompts” on their understanding of the functional
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knowledge or the contextual knowledge about the dataset and the chatbot responds accordingly.

To address the second part of RQ3, a new Tableau workbook was created using the DTA dataset,

and each sheet was made to perform data aggregation analysis and visualization accordingly.

The results of the ChatLoS responses and the comparison between them and Tableau's non-AI

traditional data analysis results are performed and discussed in the next section.

4.2.4 Results & Findings

This section details the results obtained from the CSV Gen-AI Agent based ChatLoS v2 to

address RQ3 and the comparative study results with traditional data analysis and visualization

tools.

4.2.4.1 Explainability in ChatLoS v2 (CSV-Agentic AI)

ChatLoS v2 builds upon the limitations of the original simple RAG interface by integrating

LangChain'screate csv agent function, enabling the chatbot to interact directly with structured

CSV datasets through dynamic code execution. A key strength of this architecture lies in its

embedded explainability mechanism—rendered as an automatically generated log of intermediate

computation steps. This capability is not only technically transparent but also ethically meaningful,

especially when deployed over historically sensitive datasets like LoS's DTA dataset. Each answer

generated by ChatLoS v2 is accompanied by anInternal Logs (Advanced)panel. The explainability

in ChatLoS v2 demonstrates transparency through live introspection of executable code fragments,

Python interpreter traces, and dataset-speci�c reasoning paths. For example, when asked:

”Were any ads placed on Christmas Day, if so, how many and what are the years?”
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Figure 4.6: CSV Agent based ChatLoS v2 responding to a data aggregation question
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the system responds not only with the correct number of ads but shows a real-time invocation

of the underlying logic:df1[' Ad Date'].str.contains('December 25').sum()

along with the �ltered rows (see Figure. 4.13). This makes the entire reasoning traceable and

reproducible by users or external auditors.

1. Executable Logic = Veri�ability: By revealing the exact code used for analysis (e.g., Pandas

operations likevalue counts() , shape[0] , or �ltered selections), ChatLoS v2 elevates

transparency from a conceptual level to a technical artifact. Whether answering questions about

the number of advertisements inHarford County(Figure 4.6) or visualizing bar charts (Figure.

4.19), users are empowered to verify the underlying data operations without needing to trust a

black-box model. This contributes to both scienti�c reproducibility and digital provenance.

2. Constraints and Honest Boundaries: In complex scenarios such as tracing a person across

datasets—e.g., from Domestic Traf�c Ads to Manumissions to Certi�cates of Freedom, ChatLoS

v2 honestly surfaces its inability to perform multi-dataset reasoning (Figure.4.23). Instead of

hallucinating links, it provides a structured explanation: limitations of matching by �rst names

alone, need for contextual triangulation, and potential for name ambiguity. This reinforces ethical

use by maintaining epistemic humility when evidence is insuf�cient.

3. Building End-User Trust: The consistent design of showing“What the Gen-AI did”aligns

well with ethical guidelines in human-centered AI. Users are treated as collaborators rather than

passive recipients. Particularly in educational or archival research contexts, this design choice

builds con�dence among users—historians, students, genealogists—who may otherwise distrust

opaque Gen-AI systems. Additionally, these explanations can serve as pedagogical tools, teaching
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users how structured data queries are formed. In summary, explainability in ChatLoS v2 is

achieved through direct re�ection of execution traces, making each answer auditable and grounded

in structured computation. This creates a high degree of transparency, prevents hallucination,

and fosters trust—all crucial factors for deploying Gen-AI tools in cultural heritage and archival

domains.

4.2.4.2 ChatLoS v2 Test Results & Metrics Comparison with Tableau results

To evaluate ChatLoS with advanced data analysis capabilities using Gen-AI Agents, the

bot was asked six questions focused on performing data aggregation on the DTA dataset to test

its capabilities. The same questions were performed as data analysis and visualization actions

on Tableau from a desktop version. To compare the results of these tools, I decided to use nine

metrics and captured the results on which tools performed better for each metric being compared.

Any additional information was captured under the Comments column. These results are shown in

Figure. 4.22. Individual test case results are captured below with a Pass or Fail against the tool

that performed better or worse for each test case.

4.2.4.3 Question 1: How many ads are there totally?

ChatLoS's Performance:-Pass- Refer Figure. 4.7 ChatLoS passed this test by providing an

accurate response to this question with a number equal to the total of ads in this dataset, i.e., 764.

Due to its interactive and conversational nature, it was able to provide the answer as a well-framed

sentence.

Tableau's Performance:-Fail - Refer Figure. 4.9 Tableau doesn't have a function or view
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aggregating a speci�c data column as a single answer—the Figure shown lists the counts by

county, as I chose this �eld for visualization; however, one has to perform additional operations to

show a ”Total” column to see the total counts. Due to this intricate setup, I marked that Tableau

”failed” or performed worse than ChatLoS.

4.2.4.4 Question 2: Can you create a table of the number of ads placed by each

county?

ChatLoS's Performance:-Pass- Refer Figure. 4.8 ChatLoS passed this test by providing an

accurate response to this question with a table of counts of ads by County as per the DTA dataset

passed as input. However, it should be noted that the table was not rendered like Tableau.

Tableau's Performance:-Pass- Refer Figure. 4.9 Tableau passed this test by providing the

correct counts by County; one could also use Tableau to perform several variations of this data

visualization, as shown in the Maryland state geo map as an additional data view.

4.2.4.5 Question 3: Can you report ad counts for both public auctions and public

sales?

ChatLoS's Performance:-Pass- Refer Figure. 4.11 ChatLoS also passed this aggregation question

with the correct counts matching the DTA dataset. It should be noted that ChatLoS had an edge

over Tableau with this response because it provided additional clari�cation on why it chose to do

what it did, which wasn't possible with Tableau due to its non-interactive nature.

Tableau's Performance:-Pass- Refer Figure. 4.12 Tableau passed this test after adding the
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corresponding �eld to perform a data aggregation on its counts by Sale Disposition.

4.2.4.6 Question 4: Were any ads placed on Christmas Day, if so, how many

and what are the years?

ChatLoS's Performance:-Pass- Refer Figure. 4.13 ChatLoS passed this test. This test case is

a classic example of the power of performing data aggregation analysis using an Gen-AI tool

like ChatLoS. These questions have the power to unearth critical insights from the end users. By

keeping the end users, who could be non-technical and agnostic of the details of the dataset's

metadata, one could easily query the underlying dataset in natural language statements to receive

responses, thereby widening the scope of performing such analysis.

Tableau's Performance:-Fail - Refer Figure. 4.15 Tableau failed this test as there is no easy way

to get this date without spending too much time creating wildcard �lters or writing expression

functions on the Addate �eld.

4.2.4.7 Question 5: How many cooks were on sale?

ChatLoS's Performance:-Pass- Refer Figure. 4.16 and 4.17 ChatLoS performed exceptionally

well with this test case, with the added advantage of asking users for interactive follow-ups on

what they were looking for. Upon taking the follow-up response from the user, the bot responded

with a well-rounded answer.

Tableau's Performance:-Fail - Refer Figure. 4.18 Tableau failed this as without doing some special

operations in parsing the Skillsspeci�ed �eld due to the multi-attribute values, this operation

would not be easily done. Also, there wouldn't have been any interactive feedback to the user on
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what they really needed vs what was shown, just like the ChatLoS did.

4.2.4.8 Question 6: Can you create a bar chart showing the number of ads placed

by each ad source and the county?

ChatLoS's Performance:-Fail - Refer Figure. 4.19 and 4.20 ChatLoS failed this test as it couldn't

produce a good-looking bar chart visualization, and even with the one it produced, the axis vs data

mappings were incorrect.

Tableau's Performance:-Pass- Refer Figure. 4.21 Tableau is known to create nicer-looking

visualizations, so it passed this test.

From the test results, it's clear that ChatLoS passed more tests (6) than Tableau (2) results.

This is primarily due to ChatLoS's interactive and follow-up nature through a conversational

interface with the end user. This isn't possible with Tableau, as the user has to perform actions

to get the desired results as discrete steps. ChatLoS behaved smartly in a few cases without

additional clari�cation, and all of the responses were accurate, especially without the end user

specifying any column names. This wouldn't be possible in Tableau as the users have to choose

the correct columns for analysis themselves. ChatLoS reduced the number of steps one has

to perform to select the appropriate columns for analysis compared to Tableau. It went a step

above with test cases 4 and 5, where it took additional decisions to convert keywords from the

question to map against the appropriate columns and respond with a detailed answer. From the

metrics comparison perspective, as seen in Figure. 4.22, of the nine metrics compared, both tools

fared well for three of them and tied at three each for both Tableau and ChatLoS. These metrics

were derived based on the typical performance factors while operating a data aggregation and
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Figure 4.7: CSV Gen-AI Agent based ChatLoS v2 response for a sample aggregate question
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Figure 4.8: CSV Gen-AI Agent based ChatLoS v2 response for Question 294



Figure 4.9: Screenshot of the Tableau Visualization for Question 2 - Table with counts

Figure 4.10: Screenshot of the Tableau Visualization for Question 2 - with Maryland State's
County Geo Map
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Figure 4.11: CSV Gen-AI Agent based ChatLoS v2 response for Question 3
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Figure 4.12: Screenshot of the Tableau Visualization for Question 3

visualization tool. ChatLoS's speed of response was considerably slower than Tableau's, which is

understandable because it has to do additional operations to run agentic transactions to provide a

tailored response. As a text conversation tool, the clarity of presentation of the ChatLoS was not

great when compared with Tableau; however, with advancements in the LLM world, this feature

will soon be available in future LLMs. From the above results and �ndings section, it's clear that

ChatLoS, a Gen-AI-powered LLM-based chatbot, exhibits advanced data analysis capabilities

tested to answer RQ3. The ChatLoS agent type performed on par, if not better than Tableau, on

some metrics and test cases, showing great potential for improvement and use on a broader scale.

The �ndings indicate that ChatLoS enhanced with an Gen-AI agentic approach addresses certain

limitations of RAG, enabling users to conduct in-depth analyses, identify trends, and engage in

multi-step reasoning when working with archival datasets.
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Figure 4.13: CSV Gen-AI Agent based ChatLoS v2 response for Question 4

Figure 4.14: ChatLoS Agent's response for Question 4 - DTA screenshot
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Figure 4.15: Screenshot of the Tableau's inability to create a direct answer for Question 4

4.2.5 Limitations and Future Work

While ChatLoS v2 introduced a functional advancement over simple RAG by enabling

structured data operations through LangChain'scsv agent , it struggles when tasked with

reasoning across multiple datasets. This limitation becomes particularly evident when combining

distinct historical collections from the LoS project—namely the DTA, Manumissions, and CoF.

1. Dataset Ambiguity and Misinterpretation: When these three datasets are passed together

as multiple CSV �les, the agentic system fails to distinguish between them semantically. For

example, in response to separate queries—“How many certi�cates of freedom are there?”and

“How many manumissions are there?”—the chatbot returned the same answer:23,641records

(Figure. 4.25). While this number was correct for the CoF dataset, it was erroneously repeated for

the Manumissions dataset, revealing that the CSV agent was either misidentifying the context or

not properly distinguishing betweendf1 , df2 , anddf3 variables. This ambiguity arises because
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Figure 4.16: CSV Gen-AI Agent based ChatLoS v2 response for Question 5
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Figure 4.17: Screenshot of the DTA dataset Skillsspeci�ed column �ltered by skill like ”cook”
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Figure 4.18: Screenshot of the Tableau Visualization for Question 5

the agent does not maintain a persistent semantic linkage between the intent of the user's question

and the appropriate data frame. LangChain's CSV agent operates in a procedural environment,

and while it can generate valid Python for individual datasets, it lacks the architectural design to

assign domain-speci�c semantic meaning to each one.

2. Inability to Perform Cross-Dataset Reasoning: Another signi�cant shortfall of ChatLoS

v2 is its inability to answer questions that require multi-dataset linking and reasoning. In

Figures.v2cross and 4.24, when asked:“Can you trace the life of any individuals who were

placed in a domestic traf�c ad, then manumitted and �nally got their certi�cate of freedom?”, the

system failed to execute a meaningful answer. Although it attempted a heuristic explanation based

on partial string matches (e.g., using �rst names), it ultimately acknowledged that without precise

identi�ers and contextual linking, such a query was beyond its capabilities. This aligns with a core
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Figure 4.19: CSV Gen-AI Agent based ChatLoS v2 response for Question 6

103



Figure 4.20: Screenshot of the bar chart created by ChatLoS Agent type with incorrect data-axis
mappings

Figure 4.21: Screenshot of the Tableau Visualization for Question 6
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Figure 4.22: Metric Comparison between LLM Chatbot and Tableau:
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architectural limitation of the CSV agent. It lacks the concept of entity resolution or inter-table

relationships. Each dataset remains isolated, with no ontology to declare how a person in one

dataset relates to another across legal, transactional, or temporal boundaries. To overcome these

architectural limitations, we introduce ChatLoS v3—an optimization that integrates the three LoS

datasets into a uni�edKG using Neo4j and a RAG framework. This enhancement is not merely

incremental but structural. Instead of relying on ad-hoc dataframes, the KG explicitly models

EnslavedPerson , SlaveOwner , DomesticTrafficAd , ManumissionRecord , and

CertificateOfFreedom as �rst-class entities, linked through semantically meaningful

relationships. This schema-aware graph-based design allows ChatLoS v3 to:

• Accurately associate individuals across datasets through shared properties (e.g., name, date,

county).

• Traverse life events using graph queries (e.g., from sale� manumission� freedom).

• Perform structured and explainable reasoning through Cypher-based query generation.

The move to KG-RAG thus remedies the disconnected reasoning problem of version 2 and satis�es

the need for longitudinal analysis, genealogical tracing, and veri�able interpretation of historical

data. Most importantly, it aligns with ethical design principles by surfacing archival provenance

and enabling rich, transparent user interactions grounded in the source datasets. In summary,

while ChatLoS v2 brought enhanced data manipulation capabilities, its lack of semantic linkage

across datasets and failure in multi-hop reasoning justi�es the transition to the KG-RAG-based

ChatLoS v3 as a necessary architectural optimization.
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Figure 4.23: CSV Gen-AI Agent based ChatLoS v2 unable to perform cross collection queries
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Figure 4.24: CSV Gen-AI Agent based ChatLoS v2 unable to perform cross collection queries -
Explanation
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Figure 4.25: CSV Gen-AI Agent based ChatLoS v2 unable to differentiate between CoF and
Manumission datasets
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4.2.6 Conclusion

This study answered RQ3 by enhancing ChatLoS into v2, a CSV Gen-AI Agent based

chatbot, using the DTA dataset, thereby enhancing the accessibility and analytical capabilities

regarding historically signi�cant data. By comparing the AI-driven conversational outputs with

traditional data analysis tools like Tableau, I have provided empirical insights into the effectiveness

and potential of Gen-AI in facilitating more profound and accessible engagements with cultural

archives. This study stands as a testament to the transformative power of combining Gen-AI with

cultural heritage datasets, paving the way for future innovations in the �eld. From both the studies

2 and 3, I could gather that each version would be helpful and serve distinct yet complementary

purposes: RAG-based retrieval is optimal for targeted semantic search, whereas Agentic Gen-AI

excels in exploratory and advanced data analysis.

The results from Study 2 and Study 3 demonstrated that Gen-AI signi�cantly improves

access to and usability of archival data, offering context-aware retrieval and advanced analytical

capabilities, thus achieving the objective set. ChatLoS v1, which used a simple Retrieval-

Augmented Generation (RAG) mechanism, enabled non-technical users to query a single dataset

(the DTA) using natural language. It was ethically aligned through prompt-level hallucination

safeguards and explanation panels that documented system reasoning. However, it lacked the

ability to perform data aggregation or multi-step reasoning.

ChatLoS v2 improved upon these limitations by leveraging LangChain's CSV-agent framework

to support structured queries and programmatic responses over tabular datasets. It enabled

aggregation queries, and structured summaries. Despite these gains, v2 struggled to distinguish

between multiple datasets when loaded simultaneously. It lacked the semantic awareness required
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to resolve cross-dataset queries (e.g., tracing an individual across sale, manumission, and freedom),

and failed to recognize the boundaries between sources like CoF and Manumissions. It also lacked

an underlying ontology to de�ne how people, events, and records relate to one another, limiting its

historical reasoning capabilities.

These constraints necessitated a more robust architecture—leading to the development

of ChatLoS v3, a KG-RAG-enhanced version. This system structurally integrates the three

LoS datasets (CoF, DTA, and Manumissions) into a uni�ed semantic graph hosted in Neo4j,

with clearly de�ned entities (e.g.,EnslavedPerson , SlaveOwner ) and relationships (e.g.,

MANUMITTEDTHROUGH, WASGRANTEDFREEDOMTHROUGH). ChatLoS v3 utilizes prompt-

engineered Cypher query generation and symbolic graph traversal to produce grounded, explainable

answers—supporting both aggregate and cross-collection reasoning. It addresses the weaknesses

of v1 and v2 by enabling entity resolution, eliminating redundant logic, and offering lineage-aware

outputs that re�ect historical provenance.

Study 4, forming the centerpiece of Objective III, incorporates this ChatLoS v3 system

and evaluates its performance through a detailed and systematic user study grounded in AT. This

evaluation comprises two systematic user studies with archival experts at the MSA (including the

Director of MSA's LoS program). Each study explores how users engage with the legacy MSA

online search system versus each version of ChatLoS (v1–v3). Their responses are triangulated

using the constructs of AT such as tools, subject, object, community, and contradictions to reveal

not just what users were able to do, but how their interactions were mediated and transformed by

the affordances of each system. This approach allows for a theoretically grounded comparison of

usability, trust, accuracy, and archival transparency across versions.

Following this, Study 5 concludes Objective III by conducting a detailed model comparison

111



study, focusing on the selection of ethically responsible and technically suitable LLMs for ChatLoS

deployment. While prior versions relied exclusively on OpenAI's GPT models, raising concerns

about data usage [83], scalability, and cost, Study 5 evaluates leading proprietary and open-

source models (e.g., GPT-4o, Claude, Gemini, LLaMA 3.2) across dimensions such as accuracy,

privacy compliance, customizability, cost-effectiveness, and suitability for integration into secure,

institutional infrastructure. This comparative analysis ensures that future iterations of ChatLoS are

not only functionally advanced but also ethically deployable at scale.

Together, Studies 4 and 5 provide the necessary re�nements, both functional and infrastructural

that allow the ChatLoS platform to evolve from a proof-of-concept tool into a scalable, trustworthy,

and semantically enriched conversational agent for cultural archives.
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Chapter 5: Objective 3 – Evaluating and Optimizing Gen-AI for Ethical and

Scalable Archival Access

Research Objective III begins with the development of a Knowledge Graph (KG)-integrated

Retrieval-Augmented Generation (RAG) enhanced ”ChatLoS v3” designed to optimize Gen-

AI-driven archival analysis. This study directly addresses the limitations surfaced in Research

Objective II by enriching response precision and contextual relevance through structured semantic

integration. Following this foundational KG-RAG implementation, two systematic user evaluation

studies were conducted to assess all three versions of ChatLoS's effectiveness, usability, and

interpretive impact. These evaluations were rigorously designed using a custom rubric and user

surveys. The resulting insights are grounded in the AT theoretical framework, enabling a nuanced

understanding of how users interact with the Gen-AI tools within speci�c socio-cultural contexts.

In addition to the KG-RAG and AT-based evaluations, a parallel component of this research

objective involves a comprehensive model selection study. This study systematically evaluates

a range of LLMs, both proprietary and open-source to determine which models best meet the

ethical, technical, and contextual requirements for deployment in cultural heritage applications.

The goal of this model selection is to inform the implementation of scalable, sustainable, and

community-responsive Gen-AI solutions for future public-facing archival initiatives. Together,

these efforts form a robust two-part study that advances the responsible and effective use of Gen-AI
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in cultural heritage contexts. Each of these two studies are described below:

5.1 Enhancing ChatLoS with KG-RAG for Ethical and Scalable Archival Analysis:

5.1.1 Introduction

In Study 4 (submitted in May 2025), I enhanced the Gen-AI driven archival analysis

by implementing KG-RAG enhancement with ChatLoS for a newer version, v3. This study

is motivated by research advocating that data used in Gen-AI RAG systems should be “AI-

Ready” [16] to mitigate the limitations of hallucinations and the absence of deep historical context.

In addition, Study 4 addresses the limitations identi�ed in ChatLoS v2 from Study 3, particularly

around cross-dataset reasoning, accurate record counts, and explainability. While ChatLoS v2,

based on LangChain's CSV agent, allowed structured data analysis and aggregation, it lacked

semantic awareness across multiple datasets and failed to preserve the contextual integrity of

historical records. These shortcomings became especially evident when the system was used

with multiple (three) archival datasets from the LoS project. KGs provide structured contextual

relationships—such as connections between individuals, locations, and events within archival

records—allowing Gen-AI to generate more accurate and historically grounded responses [4]

[17]. Unlike Study 2 which implemented ChatLoS as RAG with a single dataset, this study

expands ChatLoS by integrating multiple LoS datasets (CoF, DTA and Manumissions) into

a uni�ed KG. This approach allows the chatbot to link historically related records, improve

contextual understanding, and enhance genealogical and historical insights. By structuring data

into semantic representations, KG-RAG reduces hallucinations and strengthens cross-dataset

relationships by facilitating consistent integration and interoperability. By capturing the intricate
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historical relationships among these three interlinked datasets, the KG-RAG approach enables

users to converse with the archives in natural language, uncovering cross-dataset narratives, tracing

individual life paths, and revealing connections that might otherwise remain hidden. This system

not only democratizes archival data access by removing the need for specialized database expertise,

but also enhances trustworthiness. AI-generated responses are grounded in veri�ed KG entities

and relationships rather than purely statistical LLM outputs.

In this study, I present a prompt-engineered KG–Enhanced RAG system. I design and

implement a KG-RAG architecture that combines Neo4j KGs with ChatLoS to enable natural

language queries across the three key LoS dataset collections. The system dynamically translates

user questions into graph queries (Cypher) based on prompt-engineered templates to retrieve

multi-hop context and uses an LLM to generate a narrative answer. I evaluate and illustrate the

system's capabilities with example queries, demonstrating how the KG enhancement enables

cross-collection tracing of individuals, aggregate analysis, and more explainable answers. Overall,

this work lies at the intersection of digital humanities, cultural heritage informatics, and Gen-AI. It

advances the state-of-the-art by showing how KGs can be tightly integrated with LLMs to provide

richer, more trustworthy conversational access to archival collections. This approach aims to

enhance access to complex historical archives by allowing users to ask nuanced questions and

discover linked historical narratives without requiring specialized query skills while ensuring that

ChatLoS's answers remain grounded in the archival records' context and provenance. To address

this study's speci�c objectives, I formulated the following research question.

• RQ4A: How does the integration of Knowledge Graph-based Retrieval Augmented Generation

(KG-RAG) with LLMs enhance the analysis and accessibility of interconnected historical
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archives, speci�cally the LoS collections at the MSA?

5.1.2 Research Methodology & Questions

The research methodology used in the study isa design science approachin the development

of the KG-RAG enhanced ChatLoS. To address the RQ4A, I designed the system architecture and

KG construction as below, then discuss the results, limitations and future work.

5.1.2.1 System Architecture and KG Construction

The proposed system comprises three coordinated layers: a KG layer, a RAG layer, and a

LLM Question-Answering layer. This architecture is designed not as a traditional embedding-

based RAG layer, but as a prompt-engineered pipeline that delegates symbolic reasoning to a

Neo4j-based KG, thereby enhancing trust, traceability, and contextual depth without introducing

human-opinionated bias.

1.Knowledge Graph Layer: The KG is implemented in Neo4j and serves as the structured

semantic backbone for exploring the three LoS datasets. I integrated the three LoS datasets into this

KG with each record type mapping to a corresponding node label (e.g.,DomesticTrafficAd ,

ManumissionRecord , CertificateOfFreedom ), with entity-level nodes created for

shared actors such asEnslavedPerson andSlaveOwner . I modeled historically grounded

relationships between these nodes (e.g., LISTED FORDOMESTIC

TRAFFIC SALE IN , MANUMITTEDTHROUGH, WASGRANTEDFREEDOMTHROUGH) to trace

life events across datasets. All linkages are constructed from data-backed properties (e.g., names,

dates, locations), and no inferred connections or manual opinion-based mappings were introduced,
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ensuring that the KG remains a faithful, veri�able source-of-truth grounded solely in archival

records. I chose Neo4j for its capability to store property graphs and execute Cypher queries, and

I populated it using a script-based import for nodes/edges (e.g., loading CSVs of each dataset and

then linking records by shared attributes where available such as enslaved names, slave owner

names, county names, and gender). Tables 5.1 and 5.2 show the list of nodes, their properties

and their relationships between them created for the KG-RAG enhanced ChatLoS v3. Figure. 5.1

shows the nodes and relationships schema on Neo4j built for ChatLoS.

2. Graph-RAG Layer (Cypher-based Retrieval): Unlike standard RAG systems that retrieve

semantically similar passages via embedding-based vector search, this system operates on a

Cypher-queryable KG that enables structured reasoning. When a user submits a natural language

question, the system prompts the OpenAI's GPT-4o model to generate a Cypher query tailored

to the schema (e.g., counting ads by county/date, or tracing an individual's pathway from sale

to freedom). For example, if the user asks“How many ads were placed in Dorchester County

in the 1820s?”, the LLM might generate a Cypher query that countsDomesticTrafficAd

nodes �ltered by county=Dorchester and date range 1820–1829. A curated prompt template

guides the LLM's Cypher generation to ensure syntactic and semantic alignment with the KG.

The system executes the Cypher on Neo4j, retrieves the results (which could be a set of records

or aggregate values), and then another prompt is used to have the LLM compose a �nal answer

in natural language, using the query results as its grounding. This design is inspired by recent

work using LLMs to translate natural language to structured queries for graphs [50]. It allows

complex multi-hop questions to be answered by �rst pulling the relevant subgraph or data from

Neo4j, instead of relying purely on vector similarity. This design is intentionally non-layered. The
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KG-RAG does not stack multiple vector RAGs, but instead replaces embedding retrieval with

structured querying, avoiding spurious matches and improving explainability.

3. LLM QA Layer: The �nal response layer employs GPT-4o to synthesize a human-readable

answer from the retrieved graph results. Prompts are engineered to encourage structured, citation-

rich output to implement ”explainability” (e.g., narrating an individual's freedom journey with

date-stamped events and linked archival sources). Because the LLM operates on a veri�ed Cypher

output and is never exposed to raw pre-trained embeddings from the LLM's corpus, the generation

remains grounded and interpretable. In summary, the KG provides a “source of truth” graph

that the LLM can query and reason over, thereby constraining the generation to veri�ed archival

data and complex relationships within. This KG-RAG approach differs from traditional RAG in

both design and philosophy. It uses a schema-�rst, symbolic method that re�ects the structure of

historical records and reduces dependency on opaque embedding spaces. It does not introduce

authorial bias or speculative inferences. Instead, it empowers users, especially those unfamiliar

with database query languages—to explore complex, cross-dataset historical narratives through a

natural language interface backed by transparent graph-based reasoning.

5.1.3 Results

In this subsection, I present the results illustrating how the KG-enhanced ChatLoS addresses

key research questions (cross-collection queries, aggregate reasoning, explainability) with example

interactions. To evaluate the system's capabilities, ChatLoS v3 was tested with a series of questions

representative of typical and challenging user inquiries, and I examined the answers generated by

ChatLoS with the KG-RAG pipeline. I highlight two illustrative examples as shown in Figures.
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Table 5.1: Node Types and Properties in the KG enhanced ChatLoS v3

Node Label Representative Properties
EnslavedPerson �rst name, lastname, sex,

age, height, complexion,
prior status, alias

SlaveOwner full name, owner�rst name,
owner last name,
ownermiddle name

ManumissionRecord DateManumitted,
DateRecorded, Source,
WitnessFullName,
countyname

CertificateOfFreedom datefreed, series, item,
folder, document,
page, FreedFirstName,
FreedLastName

DomesticTrafficAd SaleDate, Newspapercode,
Tradereason,
Ad ImageMetadata,
skills speci�ed

Table 5.2: Relationship Types in the ChatLoS Neo4j KG

Relationship Type Source Node Target Node
OWNEDENSLAVEDPERSON SlaveOwner EnslavedPerson
PLACEDDOMESTICTRAFFIC AD SlaveOwner DomesticTraf�cAd
LISTED FORDOMESTICTRAFFIC SALE IN EnslavedPerson DomesticTraf�cAd
SIGNEDMANUMISSION SlaveOwner ManumissionRecord
MANUMITTEDTHROUGH EnslavedPerson ManumissionRecord
WASGRANTEDFREEDOMTHROUGH EnslavedPerson Certi�cateOfFreedom
WHOENSLAVEDWASFREEDOMFROM Certi�cateOfFreedom SlaveOwner
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Figure 5.1: Entity-Relationship Schema of the ChatLoS KG in Neo4j

5.2, 5.3 and 5.4.

1. Cross-Collection Tracing Query: ChatLoS v2 struggled to perform reasoning that required

accurately linking records across datasets. For instance, when asked to trace an individual's life

path from being listed in a DTA to being manumitted and eventually receiving a CoF, it responded

with a speculative response based solely on �rst name matches. It lacked the infrastructure

to follow veri�ed relational paths between events and documents. Moreover, the CSV-agent

model lacked entity resolution and could not represent semantic relationships between entities

like EnslavedPerson , SlaveOwner , or legal documents likeManumissionRecord or

CertificateOfFreedom . But ChatLos v3 enabled by the KG was able to trace an individual's

journey through multiple dataset collections accurately. When asked the system:“Can you trace

the journey of individuals from being listed in Domestic Traf�c Ads to receiving a Certi�cate

of Freedom, including any manumission records?”which essentially queries if the system can
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Figure 5.2: KG-RAG Enhanced ChatLoS v3 tracing an individual's path to freedom
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Figure 5.3: KG-RAG Enhanced ChatLoS v3 tracing an individual's path to freedom - Gen-AI
Explanation
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Figure 5.4: 1829 sale advertisement for John Howard
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follow an enslaved person's path from sale to freedom, the chatbot's response as shown in 5.2

demonstrates an ability to perform this multi-hop reasoning. The system chose an example

individual John Howardand outlined: (1) Listed in aDTA – an ad dated August 15, 1829 for

John Howard (with a hyperlink to the original advertisement record as shown in Figure. 5.4); (2)

Manumission Record– noting John Howard was manumitted on Sept 28, 1830 (with contextual

explanation of manumission); (3)CoF – stating he was granted a CoF on Oct 25, 1830. The answer

explicitly references the linked records (e.g., “the original ad through the following source”) and

provides a narrative connecting them. This showcases the system's ability to traverse the KG

(ad� manumission� freedom) and present a coherent story that spans collections. The above

result illustrates how the KG provides the contextual backbone for answering what would be

a very complex query for a standard RAG system. Without the graph, an LLM would have to

somehow know that“John Howard” in one dataset is the same person in another – a task prone

to error. Here, the graph query was able to �nd a matching individual node connected to records

of all three types, and the LLM then described those connections. Notably, the answer also took

steps toward ”explainability” by citing the existence of an original advertisement link. It also

provides an example of how the system mitigates hallucination. Rather than the model inventing a

narrative, it is constrained to the factual graph traversal results (dates, record types, names) before

it. In essence, the KG-RAG approach enabled ChatLoS to function as a virtual research assistant,

automatically collating archival evidence about John Howard's life events and summarizing them.

2. Quantitative/Aggregate Query: Another limitation of the simple RAG based ChatLoS

version was the inability to handle aggregate questions (since LLMs are not reliable at arithmetic

and the RAG approach only fetched a few documents at a time). With the KG and Cypher-
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driven retrieval, this system can answer questions involving counting or other simple analytics

by delegating that task to the database. For example, I asked:“How many enslaved individuals

were listed for sale in Dorchester County between 1825 and 1830?”– a question that requires

�ltering the DTA records by county and date, and counting results. The ChatLoS (KG-RAG)

system produced a correct, succinct answer: “A total of 78 enslaved individuals were listed for sale

in Dorchester County between 1825 and 1830.” Figure 5.5 shows the interface's response. When

asked with a query for the number of individuals in ads for a speci�c county and time range, the

system responds with a factual sentence giving the count (“78 enslaved individuals. . . ”). Under

the hood, the system generated a Cypher query to countDomesticTrafficAd nodes with

county = 'Dorchester' and date between 1825 and 1830, demonstrating the ability to perform

database-style aggregation and then verbalize the result. This functionality was not possible in the

initial RAG chatbot, which lacked direct data aggregation capability. The aggregate answer shows

how integrating a database query capability addresses a practical user need. In the LoS archives,

researchers often want statistics (e.g., how many ads in X county, how many people freed in Y

year, etc.) which previously required manually exporting data or using tools like Tableau. Now,

such queries can be asked in plain English. Moreover, because the answer is grounded in an exact

database result, it increases trust in its accuracy (the number “78” can be veri�ed by running the

same query in Neo4j or looking at the records).

3. Accurate Query Resolution and Dataset Disambiguation: ChatLoS v2, when augmented

with multiple datasets instead of the one dataset it performed well on and tasked with simple

questions like“How many manumissions are there?”, it incorrectly reported counts by confusing

CoF and Manumissions datasets. It returned identical numbers due to semantic ambiguity between
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Figure 5.5: KG-RAG Enhanced ChatLoS v3 querying sale records by county and date
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dataframes. ChatLoS v3 solves this with schema-aware Cypher queries that target speci�c node

types, such as:

MATCH (m:ManumissionRecord) RETURN COUNT(m)

or

MATCH (c:CertificateOfFreedom) RETURN COUNT(c)

The responses are thus dataset-speci�c, as shown in Figures. 5.6 and 5.7, yielding accurate results:

• 23,638 Certi�cates of Freedom

• 7,235 Manumission records

4. Explainability in ChatLoS v3 (KG RAG Enhancement): Like ChatLoS v1 and v2, ChatLoS

v3 also provides full explainability through structured query execution logs. When a user submits

a question, the interface reveals:

• The interpreted natural language query.

• The exact Cypher query generated.

• The structured response returned by the graph database.

For example, in response to a query about the number of enslaved persons listed for sale in

Dorchester County between 1825 and 1830, the Cypher query generated was:

MATCH (e:EnslavedPerson)-[:LISTED_FOR_DOMESTIC_TRAFFIC_SALE_IN]

->(ad:DomesticTrafficAd)

WHERE ad.county_name = 'Dorchester' AND ad.Sale_Date >= '1825'
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AND ad.Sale_Date <= '1830'

RETURN COUNT(DISTINCT e) AS

Number_of_Enslaved_Persons_Listed_For_Sale

This query, as visualized in Figure. 5.5, yields a precise numeric result, grounded in veri�able

relationships and data nodes. The system's transparency provides epistemic value and ethical

safeguards by preventing hallucinations and validating each answer against an audit trail of logic.

5.1.4 Limitations & Future Work

While the results from the KG-RAG system are promising, several limitations remain. The

KG currently covers only three LoS datasets. Although linkages between records were veri�ed

where possible, the possibility of missed or incorrect connections exists, particularly due to name

variations. The KG schema, while effective for core use cases, simpli�es real-world complexity

and omits factors like family ties or mobility patterns. Expanding the graph will introduce

challenges in both performance and LLM-driven query generation as noted with its erroneous

responses sometimes. While the prompt engineering mitigates most issues, more robust error

handling and re�nement loops (e.g., �ipped prompting, agentic LLMs) are needed. Additionally,

the system is limited to a basic interface without interactive graph exploration or visual traceability.

Future work with community involved user evaluation will address these gaps.

5.1.5 Conclusion

To answer RQ4A posed for this study, I presented a KG-RAG ChatLoS enhanced chatbot

conversational interface that uni�ed three archival datasets from the LoS project and enables
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Figure 5.6: ChatLoS v3 resolving dataset-speci�c counts accurately for CoF
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Figure 5.7: ChatLoS v3 resolving dataset-speci�c counts accurately for Manumissions
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conversational exploration using Cypher-driven LLM queries. The KG encoded relationships

across these datasets, allowing users to trace individual life paths and uncover insights beyond

traditional keyword search. The LLM enabled natural language querying and generates structured,

explainable responses. By grounding LLM responses in structured, veri�able relationships,

the system addressed trust and explainability challenges often associated with Gen-AI in the

humanities. Study 4 also con�rms that the KG-RAG architecture of ChatLoS v3 resolves the two

major bottlenecks of the CSV agentic version—cross-dataset linking and dataset-speci�c accuracy.

Furthermore, by surfacing every step of the Gen-AI's decision-making process, it enhances both

interpretability and trust. While still early-stage, this work demonstrates how combining KGs with

LLMs can create accessible, trustworthy Gen-AI systems for cultural heritage. The next steps

focus on broader community-based evaluation with appropriate feedback routines implemented,

interface design, and cross-domain generalization. I believe this architecture can be adapted to

other archival collections, supporting a new generation of explainable, user-centered tools for

historical research and public memory. Next, I present a major part of the Objective III which is to

turn to the insights provided by the expert users through a systematic user evaluation.

5.2 Activity Theory Grounded Systematic User Evaluation of ChatLoS Versions

To address RQ4B, I performed a systematic user evaluation to assess the ChatLoS tool

across its three versions by comparing it with MSA's current data access and analysis tool. I

analyzed the user study results through an AT framework lens and produced �ndings based on this

on how ChatLoS versions compared against the MSA's tool.
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5.2.1 User Study Design and Protocol

I conducted two formative user studies led by experts identi�ed as participants, P1 and

P2. Each session lasted approximately two hours and was guided by a semi-structured interview

protocol. The detailed user evaluation was organized into four parts: (1) baseline assessment of

current MSA database access and analysis tools, (2) experience with ChatLoS v1 (Simple RAG),

(3) v2 (CSV Agent), and (4) v3 (KG-RAG). Each section included walkthroughs, task-based

trials, and guided re�ection using an evaluation rubric with nine capability metrics (e.g., cross-

collection reasoning, explainability, ease of use, aggregate counts and �lters, semantic mapping)

and two surveys (Trust in Automation and Subjective Mental Effort Questionnaire (SMEQ)).

The interviews were conducted via teleconference, recorded, and transcribed for analysis with

participant consent.

5.2.1.1 Comparison Rubric: Evaluating Capabilities through the AT Lens

The comparison rubric was designed to evaluate nine core capabilities across the four

systems: the existing MSA LoS data access and analysis tool, and the three successive versions of

ChatLoS (v1–v3). Each criterion re�ects a capability relevant to real-world archival practice. The

selected metrics — such ascross-collection reasoning, semantic mapping, zero-coding ease-of-use,

andexplainabilitywere not arbitrarily chosen but derived from expert archival work�ows, user

pain points, and institutional goals. From an AT perspective, the rubric serves as a structured

instrument to capture how the new mediating artifact (ChatLoS) recon�gures thetool-mediated

interaction between the subject (P1, P2) and the object (archival exploration for historical insight

realization as an outcome). It is also designed to capture how eachmediating toolsupported (or

132



failed to support) essential archival data access and analysis capabilities. Each of the nine metric's

alignment with AT perspective is explained below:

• Natural-Language Question Answering:Captures how well a tool allows subjects to

issue intuitive, plain-language queries without needing database knowledge. Aligns with

AT's principles of interaction betweenToolsandSubjects, re�ecting whether tools reduce

tension and shift cognitive effort from the subject on the system.

• Interactive Follow-Up / Conversational Re�nement: Evaluates whether users can engage

in multi-turn queries with clari�cations. This supports AT's emphasis on iterativeObject

and Outcomeadjustment and improvement within an evolving activity system.

• Automatic Semantic Mapping: Measures whether subject terminology is correctly interpreted

into system schema terms. This is a critical form ofTool mediation that transforms how

Subjectsrelate to theObjectby removing the tensions andcontradictionsthat arise while

trying to know and understand theRulesof the system.

• Aggregate Counts and Multi-Attribute Filters: Tests whetherSubjectscan perform

summary statistics or conditional queries. These capabilities are important for outcome-

oriented archival tasks based on (theObject) like trend discovery or comparative analysis.

The Tool mediation could alleviate or exacerbate the tension based on the capabilities

provided by the tools.

• Cross-Collection Linking and Reasoning:Assesses whether a system can bridge multiple

archival sources. From an AT perspective, this supports expandedObject transformationand

attempts to re�ect oncontradictionsin current systems (e.g., siloed single dataset querying
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tools).

• Multi-Hop Reasoning / Entity Life-Path Tracing: Evaluates whether the system can trace

individuals across time and contexts. This re�ects the epistemic complexity of the task and

how well theTool scaffolds deep, longitudinal reasoning.

• Explainability: Measures whether the system reveals how answers are generated (e.g.,

surfaced queries, source passages). This relates to theRulesand ethical expectations

governing Gen-AI use in archival settings.

• Response Speed / User Wait Time:Captures responsiveness. While not a cognitive

affordance per se, long delays may violate user expectations (Rules) and disrupt task

continuity (Division of Labor).

• Zero-Coding Ease-of-Use for Non-Technical Staff:Evaluates whether archivists and

patrons can effectively use the system without technical knowledge. This metric re�ects

AT's concern with equitableTool use across diverseSubjects. It also operationalizes the

Rule vs Community tensionby empowering non-technical users, potentially rebalancing the

Division of Labor between technologists and archivists.

Each item was rated qualitatively (Yes, No, Maybe), with users asked to justify ratings through

examples and re�ections. These nine criteria were chosen not just to assess system capabilities,

but to surface emergentcontradictionswithin the existing activity system of the MSA – e.g., how

new tools challenge norms, shift roles, or afford new outcomes. The rubric thus enables a systemic,

comparative snapshot of how each tool mediates activity. The progression from the legacy MSA

tool to ChatLoS v3 illustrates a dialectical evolution: earlier contradictions (e.g., limited semantic
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search, siloed datasets) are progressively resolved by each new version, representing a potential

transformation of the activity system itself.

5.2.1.2 Trust in the Mediating Tool Survey

The Trust in the Mediating Tool survey consists of seven statements, each probing a

distinct facet of participant trust. These include perceptions of reliability, accuracy, predictability,

dependability, and subject's con�dence. Participants (P1 and P2) rated their agreement on a

7-point Likert scale, ranging from Strongly Disagree (1) to Strongly Agree (7). Each statement

re�ects a speci�c element within the AT framework:

1. Q1 – Reliability: “I can rely on the system to work consistently.” (Re�ects systemic stability

within AT's Toolscomponent.)

2. Q2 – Trust in Responses:“I trust the system's responses.” (Addresses subjective con�dence,

tying Tool to Subject-Objectrelationship.)

3. Q3 – Accuracy: “The system performs accurately.” (Captures perceived system performance

—linked to validObjecttransformation.)

4. Q4 – Comfort Relying: “I feel comfortable relying on the system's answers.” (Engages

with institutionalRulesand comfort norms.)

5. Q5 – Predictability: “The system is predictable.” (Concerns legibility ofTool behavior)

6. Q6 – Dependability: “The system is dependable.” (Re�ects general robustness; relevant to

Tool and operational trust.)
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7. Q7 – Con�dence Without Second-Guessing:“I feel con�dent using the system without

second-guessing it.” (Links directly toSubjectef�cacy and trust.)

Trust, in this sociotechnical framing, is not just a property of the tool but a relational outcome

mediated by historical contradictions. For example, a lack of predictability in ChatLoS-generated

results may clash with the archival community's preference for transparency and provenance,

creating a contradiction betweentools andrules. The Trust in Automation survey thus reveals

how much the new tool adheres to or disrupts prevailing institutional norms and expectations.

5.2.1.3 SMEQ (Subjective Mental Effort Questionnaire): Assessing Cognitive

Load as an Indicator of Tool Mediation

The SMEQ is a one-item, post-task scale where participants rated how mentally demanding

they found each tool using a 7-point scale (1 = Very Low Effort, 7 = Extremely High Effort). This

simple yet effective instrument helps assess thecognitive loadintroduced by each interface. In

the context of AT, mental effort can be seen as a measure of friction in thesubject-tool-object

relationship:

• High perceived effort may signal a contradiction between user skills and the new mediating

artifact, suggesting inadequate tool affordances or mismatched mental models.

• A reduction in SMEQ scores from the legacy MSA tool to ChatLoS v3 can indicate

successful tool internalization and reduced task complexity — a hallmark of effective

mediation.

• Moreover, when coupled with rubric metrics (likezero-coding ease-of-use), SMEQ ratings
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help assess whether thedivision of labor is being recon�gured toward democratized,

non-technical use.

Thus, SMEQ data not only quantify effort but illuminate deeper systemic tensions. For instance,

if P1 reports low SMEQ effort yet raises concerns about explainability, this re�ects a resolved

contradiction in tool usability but a persisting tension in rule alignment. Conversely, if P2

experiences high SMEQ effort for ChatLoS v1 but not v3, this signals developmental transformation

i.e., the activity system is evolving to better support the subject's goals.

5.2.2 Study 1: Evaluation with Participant - P1

The �rst user evaluation was performed with the LoS director as P1 which yielded rich

feedback on both the current system limitations and the new tool - ChatLoS's potential. I

summarize the key themes from the discussion below:

5.2.2.1 Current System Limitations or Pain Points:

The participant described how MSA staff, researchers and patrons currently use the LoS

online database and highlighted signi�cant limitations. Starting with attempting to perform data

analysis using MSA's online database, Mr. Haley reported persistent friction with the MSA's

current web interface: “It's the �rst place I go, but I can only search one subset at a time. I can't

query across multiple �elds like age and location simultaneously.” He described manually combing

records to �nd examples to present in community talks: “If I wanted to search ads from Anne

Arundel County, then �lter by age, then by timeframe like 1850—right now I have to jump through

hoops.” This aligns with AT's contradiction betweentools and theobject (ef�cient retrieval of
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patterns) due to rigid �lters. Haley emphasized how current access tools limits exploratory and

longitudinal analysis. His core object was rapid historical storytelling with contextual richness, a

task not easily achievable with the current MSA database interface. This feedback established

a baseline need that the system aims to meet. Notably, the inability to search across multiple

datasets or criteria at once was a recurring frustration. For example, if a user wants to �nd records

for a person across different record types, they must run separate searches in each dataset. He

stated“we can only do one [dataset] at a time. . . it would be great to be able to do multiple at the

same time”.He also noted that some scholars resort to requesting entire datasets and then writing

their own scripts or using Excel – an indicator that the current tools are not suf�ciently �exible for

advanced queries.

5.2.2.2 ChatLoS Evaluation Results

When introduced to the ChatLoS concept, Haley reacted positively to the idea of querying

in natural language without needing database knowledge. He con�rmed that the typical users

(genealogists, students) arenon-technicaland currently don't require training to use the current

MSA database tool, but noted that interface is limited.

1. ChatLoS v1: Haley appreciated the schema-free interface but noted limited recall due to

the chunked retrieval process. Haley noted that a conversational system could lower the barrier

further by letting users ask questions in plain English, especially for those who“don't know

the underlying data structure”. He found the chatbot format“more approachable for general

users” overall and appreciated that it abstracts the complexity of the schema. “I asked about

'how many ads were placed in 1850' and it gave me one or two examples—but it didn't aggregate
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them.” Haley appreciated the conversational affordances but noted the limitations of its context

window and inability to perform aggregation. He remarked, “I felt like I was just talking to a smart

encyclopedia, not a historian.” The Simple RAG ChatLoS v1 interface was praised for accessibility

but critiqued for narrow retrievals and no follow-up contextual continuity.

2. ChatLoS v2: He responded enthusiastically to the CSV Agent's precision: “I asked about ads

placed on Christmas Day—and not only did it return a count, it showed me the code it ran. That's

the transparency I want.” He mentioned that this ”explanation” is a good feature for the researchers

at MSA who are technically savvy as well. On SMEQ, he rated effort as low (2/7), stating, “Way

easier than what I usually do in my current database.” In comparing against current access tool,

Haley consistently preferred the CSV Agent's natural language interface, especially for data

aggregation (e.g., “ads placed on Christmas day”). The explanation layer improved interpretability,

and the semantic mapping to dataset columns (e.g., `cook' mapped toskills specified )

was a marked enhancement.

3. ChatLoS v3: Most notably, Haley praised v3's narrative power. When it traced John Howard's

journey from DTA to manumission to Certi�cate of Freedom, he remarked, “That's exactly the kind

of story I want to tell” This reminded the primary goal of the LoS project since its inception which

is to be able to tell stories of”unsung heroes”in an easy and reproducible manner. He added,

“ I'd absolutely be interested in co-creating a rubric to evaluate systems like this with a historical

lens for a broader community audience.” This system resolved contradictions betweensubject,

tool, andrules (archival accuracy), enabling expansive learning. ChatLoS v3 KG-RAG's ability to

trace an individual's journey (e.g., John Howard: sale! manumission! certi�cate of freedom)
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impressed Haley signi�cantly. The response was grounded, source-linked, and interpretable.

Seeing the system trace an individual across records addressed a major“fragmentation” problem

in the LoS ecosystem. He remarked on the“ability to connect multiple datasets and provide

comprehensive answers”as a breakthrough, since currently even staff have to manually correlate

information from separate sources. The example of John Howard's journey resonated strongly;

he noted that the system essentially did what an expert researcher might do – link an ad to a

manumission to a freedom certi�cate – but in seconds. This not only has user-facing value but

could aid archivists themselves in tasks like verifying data linkages. He agreed that showing the

intermediate connections (e.g., the chain of events for a person)“adds credibility” to the answer,

because it mirrors how a human would justify a conclusion by citing sources.

5.2.2.3 ChatLoS - Perceived Accuracy and Limitations:

While impressed, the participant also discussed concerns and areas for improvement. One

concern was the potential for varying responses or errors with nuanced queries. He observed

during testing that slight rephrasing of a question sometimes led to different answers or the need

for the bot to clarify, which could be frustrating if not handled. This is a known challenge with

LLMs (non-determinism). For instance, if a question was too broad, the system might need to ask

a follow-up or might give a partial answer. Another limitation discussed wasName Recognition–

the LoS data often has inconsistencies (spelling variations of names, etc.). The user noted that

genealogists might ask“Find X person” not realizing the name is spelled differently in records.

The system's reliance on exact matches (unless a sophisticated alias mechanism is in place) could

cause it to miss relevant results. This is a classic archival issue and he recommended exploring
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fuzzy name matching or integrating known variant name lists in the KG. I acknowledge this as a

current limitation: the KG has to be populated with as many cross-references as possible, but it's

not perfect.

5.2.2.4 ChatLoS - Trust and Ethical Considerations:

A signi�cant discussion point was the trustworthiness of the AI's answers. The participant

appreciated that the system is grounded in actual records and, when it showed sources or links, he

felt more con�dent in the answer. He explicitly stated that seeing how the answer was derived

(e.g., knowing it pulled from a veri�ed database and not“making things up”) is crucial for him to

trust using it in research. I showed how the chatbot could provide explanation and also surface

source records as references. He agreed this was a good approach and even agreed with me that

surfacing the underlying query or graph path in an“explain answer”mode for power users will

essentially make the black box more transparent.

5.2.2.5 P1's Future Needs and Ideas:

Looking ahead, the participant expressed interest in several expansions. One was incorporating

more LoS datasets (beyond the three I used) into the KG – for instance, the Slave Statistics or

Runaway Ads collections that are also part of LoS. He imagined being able to query across all

LoS datasets eventually, which would be extremely powerful for researchers. Another idea was

to create different modes or interfaces for different user groups: for example, a simpli�ed Q&A

interface for the general public vs. a more data-centric analysis mode for scholars. This could

possibly involve separate graphs or controlled vocabularies. This indicates broader applicability of
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the approach to other archival research projects. Finally, he was open to the idea of co-developing

an evaluation rubric speci�cally for archival Q&A tools (we had asked if he would help de�ne

what a“good answer” means in this context – balancing accuracy, nuance, source evidence, etc.).

He was receptive, which bodes well for my plan to carry out a community-based evaluation with

multiple archivists in the future.

In summary, Haley's feedback was enthusiastic about the concept (“this could really make

the information more accessible and engaging”and validated the core features of three versions

of the ChatLoS as addressing real needs (multi-dataset search, ease of natural language, trust via

source linking). The feedback also highlighted important considerations for re�nement: handling

name ambiguity, ensuring consistent behavior, and expanding content coverage. These insights

feed directly into the discussion of the system's implications and the next steps for research.

A detailed comparison rubric and the surveys on the evaluation of the performance of

ChatLoS across its three versions vs the MSA's data access and analysis tools as assessed by P1 is

found in 5.3, 5.5 and 5.4.

5.2.3 Study 2: Evaluation with P2

The second user study was conducted with P2. In this role, P2 oversees archival user

interfaces, supports researchers, and interfaces with patrons seeking genealogical information

from the LoS collection. As a senior archivist with decades of experience, she brought a

practitioner's lens to this evaluation, with a focus on usability, information trustworthiness, and

broader applicability to public-facing and educational contexts.
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Table 5.3: Comparison of Capabilities Across ChatLoS Versions and MSA's Database Access and
Analysis Tool - P1's Filled Rubric

Capability / Evaluation
Criterion

MSA
Database
Access and
Analysis

Tool

ChatLoS v1
(Simple
RAG)

ChatLoS v2
(CSV-
Agent)

ChatLoS v3
(KG-RAG)

Natural-language question
answering on asingledataset

No Yes Yes Yes

Interactive follow-up /
conversational re�nement

No Yes Yes Yes

Automatic semantic mapping
of user terms to data columns

No No Yes Yes

Aggregate counts &
multi-attribute �lters

Yes No Yes Yes

Cross-collection linking and
reasoning

No No Yes Yes

Multi-hop reasoning / trace
life-paths of entities

No No No Yes

Explainability (surfacing code /
query sent to engine)

Yes No Yes Yes

Typical response speed / user
wait time

Fast Slow Slow Slow

Zero-coding ease-of-use for
non-technical staff

No Yes Yes Yes

Legend: Yes = fully supported, No = not supported, Maybe = partially supported

5.2.3.1 Limitations of the MSA Current Data Access and Analysis Tool

P2 began by critiquing the limitations of the current MSA Legacy of Slavery portal. “I can't

even search by year in our advanced search,” she remarked, underscoring the lack of basic �lter

functionality. When attempting to search for “Jane,” she noted that the system's literalism often

misses records: “If I ask for `Jane', it shows me `Jane', but not `Mary Jane'. It's too literal.” She

emphasized the friction users face when trying to perform aggregate or semantic queries: “I'm so
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Table 5.4: Trust in the Meditating Tool Survey - P1

Trust/Automation Statement What it Measures from a
User Lens

MSA
tool

Chat-
LoS
v1

Chat-
LoS
v2

Chat-
LoS
v3

Q1. I can rely on the system to
work consistently.

”Does it work every time I
need it, without breaking?”

6 2 6 6

Q2. I trust the system's
responses.

”Can I believe what it tells me
most of the time?”

6 3 5 5

Q3. The system performs
accurately.

”Are the answers technically or
factually right?”

6 2 5 5

Q4. I feel comfortable relying
on the system's answers.

”Am I okay with using this to
make decisions?”

2 3 5 5

Q5. The system is predictable.”Do I know how it will behave
based on the input I give?”

3 4 4 4

Q6. The system is dependable.”Do I believe this tool won't
fail me when it matters?”

3 5 5 5

Q7. I feel con�dent using the
system without
second-guessing it.

”Can I stop checking or
verifying everything it says?”

3 2 3 3

accustomed to searching for names or dates. Thinking analytically with this system is hard—it's

just not built for that.” These comments illustrate contradictions between the subject (user) and

tool (interface), making it dif�cult to achieve the object of archival analysis, a classic contradiction

in AT.

5.2.3.2 ChatLoS Evaluation Results

1. ChatLoS v1: Simple RAG-Based QA: P2's experience with ChatLoS v1, which relies on

retrieval-augmented generation over chunked OCR text, was mixed. On the positive side, she

acknowledged that it “was nice to just ask something without needing to know which column

has what.” However, the chunk-based retrieval and lack of aggregation signi�cantly limited its

usefulness. When she asked, “How many slaves were age 25?”, the system returned partial results:
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Table 5.5: SMEQ – Subjective Mental Effort Questionnaire - P1

Q1. How mentally demanding was the task you
just completed?

Score

MSA Data access and analysis tool 5

ChatLoS -v1 2

ChatLoS -v2 2

ChatLoS -v3 2

“ It just looked at four or �ve records—it didn't really give me an answer.” In another case, she

noted, “All I'm doing is breaking it for you.” when the system failed to correctly identify or

aggregate values. She concluded that v1 might help casual users begin their exploration but does

not support deeper analytical work: “It didn't feel like I could ask follow-up questions or go

deeper.” Her Trust score for v1 averaged around 3/7, with SMEQ at 2, indicating low effort but

moderate con�dence.

2. ChatLoS v2: CSV-Agent for Metadata Aggregation: P2 found ChatLoS v2 to be the most

robust of the three tools, describing it as “the best of them all.” She was especially impressed by its

ability to interpret natural language and semantically map it to relevant columns in the dataset. In

one example, when she asked, “How many enslaved people were gardeners?”, the system grouped

and returned results based on theskills specified column. “It gave me the whole list of

occupations, not just the one I asked. I didn't even have to specify `skills'—it �gured that out.”

Similarly, when she asked, “What's the most common �rst name for an enslaved male?”, the

system accurately grouped and returned results usingsex andname �elds without prompting.

“ It knew I meant male, even though the �eld says `M'. That's what archivists need.” Her Trust

scores for v2 were uniformly high, including 6s on “I trust the system's responses,” “accuracy,”

and “comfort relying on the system.” SMEQ was also low at 2, con�rming ease of use.
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3. ChatLoS v3: KG-RAG for Cross-Collection Tracing: P2's experience with ChatLoS v3

revealed both potential and limitations. She was highly impressed by its ability to trace multi-

dataset life paths. She noted that this version was the only one able to trace individuals across

DTA, Manumission, and Certi�cate of Freedom records. However, the system sometimes failed

to interpret her queries when ambiguity existed. For instance, when she asked“What's the most

common age?”, the system didn't clarify whether she meant enslaved person or owner. “It should

have asked me who I meant—there's age in multiple datasets.” She described the tool as “brilliant

when it works, but inconsistent,” especially for questions that required entity disambiguation or

schema inference. For example, asking“How many were gardeners?”failed due to lack ofskill

attributes in the KG schema. Despite these issues, she recognized the tool's archival potential: “If

we can get the �elds right, this could help tell amazing stories.” She scored v3 moderately high

on trust (5s in several categories) and slightly higher in effort (SMEQ = 3) due to the increased

conceptual load.

5.2.3.3 ChatLoS - Comparative Re�ections

P2's feedback exposed deep contradictions between archival goals and tool capabilities.

With the MSA system, users must piece together narratives from isolated datasets, often relying

on literal searches. ChatLoS v1 made query formulation easier but lacked synthesis. ChatLoS

v2 introduced precise, aggregative insights and transparency, becoming her most trusted tool.

ChatLoS v3 introduced contextual richness through life-path tracing, a signi�cant alignment with

the object of genealogical storytelling, but required improved schema coverage.
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5.2.3.4 Future Use and Community Involvement

P2 expressed strong interest in future deployment and co-design: “This makes me think

about how community genealogists can get more answers without our help.” When asked about

contributing to a community rubric, she responded, “Maybe. I can see how different users care

about different things—accuracy, sure, but also clarity and story.” She emphasized the need for

transparency in responses: “A good answer should give me a summary and links to original

sources.” While she had not previously used ChatGPT or Gen-AI tools, she concluded: “AI is here

to stay—we need to �gure out how to use these tools to our advantage.” Her recommendation was

a phased rollout to a small archival group and further re�nement of v3 to support archival values

and reduce ambiguity.

A detailed comparison rubric and the surveys on the evaluation of the performance of

ChatLoS across its three versions vs the MSA's data access and analysis tools as assessed by P2 is

found in 5.6, 5.8 and 5.7.

5.2.4 Qualitative Analysis of User Evaluation - Triangulating Findings through

AT Application

To analyze, triangule and synthesize the data from these two user studies, I applied the AT

framework. This theoretical lens enabled a rich and systemic understanding of user-tool interaction,

evaluating how ChatLoS mediated archival tasks, surfaced contradictions, and enabled expansive

learning. AT elements such as subject, object, tools, community, rules, and contradictions were

explicitly coded from the transcript data. The user studies followed a well-de�ned rubric with

147



Table 5.6: Comparison of Capabilities Across ChatLoS Versions and MSA's Database Access and
Analysis Tool - P2 Filled Rubric

Capability / Evaluation
Criterion

MSA
Database
Access and
Analysis

Tool

ChatLoS v1
(Simple
RAG)

ChatLoS v2
(CSV-
Agent)

ChatLoS v3
(KG-RAG)

Natural-language question
answering on asingledataset

No Yes Yes Yes

Interactive follow-up /
conversational re�nement

No No No No

Automatic semantic mapping
of user terms to data columns

No Yes Yes Yes

Aggregate counts &
multi-attribute �lters

Yes No Yes Yes

Cross-collection linking and
reasoning

No No Yes Yes

Multi-hop reasoning / trace
life-paths of entities

Maybe No No Yes

Explainability (surfacing code /
query sent to engine)

No Yes Yes Yes

Typical response speed / user
wait time

Fast Slow Slow Slower

Zero-coding ease-of-use for
non-technical staff

No Yes Yes Yes

Legend: Yes = fully supported, No = not supported, Maybe = partially supported

metrics comparing the current systems in place at the MSA with the three new versions of Gen-

AI powered ChatLoS. The �ndings presented here capture the contradictions, mediations, and

expansions that occurred as new generations of Gen-AI tools (ChatLoS) were introduced. These

results not only validate the effectiveness of the proposed solutions but also provide theoretical

grounding for their societal impact with potential for growth as future work.

The introduction of each new tool (ChatLoS v1, v2, and v3) alters the mediating artifact and,

in turn, shifts other components of the system. Each version of ChatLoS progressively addressed
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Table 5.7: Trust in the Meditating Tool Survey - P2

Trust/Automation Statement What it Measures from a
User Lens

MSA
tool

Chat-
LoS
v1

Chat-
LoS
v2

Chat-
LoS
v3

Q1. I can rely on the system to
work consistently.

”Does it work every time I
need it, without breaking?”

6 2 6 3

Q2. I trust the system's
responses.

”Can I believe what it tells me
most of the time?”

6 3 6 5

Q3. The system performs
accurately.

”Are the answers technically or
factually right?”

6 3 6 5

Q4. I feel comfortable relying
on the system's answers.

”Am I okay with using this to
make decisions?”

3 2 5 3

Q5. The system is predictable.”Do I know how it will behave
based on the input I give?”

5 3 5 3

Q6. The system is dependable.”Do I believe this tool won't
fail me when it matters?”

5 2 5 5

Q7. I feel con�dent using the
system without
second-guessing it.

”Can I stop checking or
verifying everything it says?”

5 3 3 3

contradictions identi�ed by MSA directors and expanded the object from simple record retrieval

to constructing veri�ed, linked historical narratives.

5.2.4.1 Current System: Rigid Access Constraints

System Structure:

• Subject: Researchers, genealogists, archivists

• Object: Access historical records from LoS collections

• Tools: MSA's online database

• Rules: Schema knowledge, precision required
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Table 5.8: SMEQ – Subjective Mental Effort Questionnaire - P2

Q1. How mentally demanding was the task you
just completed?

Score

MSA Data access and analysis tool 4

ChatLoS -v1 2

ChatLoS -v2 2

ChatLoS -v3 3

• Community: MSA staff, educators, scholars

• Division of Labor : High cognitive demand on user

Contradictions: As reported by both participants, users often struggle with the online database's

rigidity, leading to abandonment of queries or increased demand for staff intervention. These

contradictions exist between the subject's expectations and the tool's complexity, as well as

between rules and the desired object.

5.2.4.2 ChatLoS v1/v2: Enhancing Access via Gen-AI

System Structure:

• Subject: Researchers, public historians

• Object: Natural language exploration of archival data

• Tools: ChatLoS (RAG, Agentic AI)

• Rules: Flexible input, minimal metadata knowledge

• Community: Broad public access, students

• Division of Labor : Gen-AI performs retrieval and summarization
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Contradictions Resolved and Introduced: These tools resolved schema-dependence and

empowered non-expert users. However, they still operated on individual datasets and lacked the

ability to provide contextual or multi-step reasoning. This created new contradictions between

users' analytical needs and the AI's limited interpretive capability.

5.2.4.3 ChatLoS v3: Optimizing Gen-AI using KG RAG

System Structure:

• Subject: Archivists, researchers, community members

• Object: Constructing historical narratives from multiple sources

• Tools: ChatLoS v3 (KG-RAG, Neo4j, GPT-4o)

• Rules: Explainability, provenance tracking, archival integrity

• Community: Descendant communities, educators, MSA staff

• Division of Labor : Gen-AI mediates multi-hop reasoning; user interprets

Contradictions Resolved and Introduced: This system resolves opacity, data siloing, and

mistrust. By grounding Gen-AI outputs in a knowledge graph with explainable links, ChatLoS

v3 aligns better with archival practice and user expectations. It enables expansive learning by

allowing users to uncover insights across datasets. However, new contradictions were introduced

to involve community and to add more re�nement to the tool mediation.

Comparison Table: Evolution of Activity Systems: Expanding on the above summary �ndings,

crucially, many pain points in archival use can be seen as contradictions in current MSA's data
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Table 5.9: Activity Theory Components Across System Versions

System Contradiction Resolution Tool New Outcome
Traditional MSA
Database

Schema-
dependence; users
abandon queries

None Limited access, user
frustration

ChatLoS v1/v2 No multi-dataset
linkage; shallow
summaries

RAG, Agentic Gen-
AI

Accessible search;
shallow context

ChatLoS v3 (KG-
RAG)

Trust, transparency,
deep narrative needs

Knowledge Graph +
GPT-4o, Community
Involvement Needed

Deep, contextual,
explainable access,
feedback routines to be
added

access and analysis tool. For example, a common issue (noted by both domain experts) is that

current tools arerigid and siloed, requiring detailed schema knowledge from users. In AT terms,

the tool (e.g. a database query interface) and the rule (“you must know the precise catalog terms or

database schema”) con�ict with the subject's capabilities or expectations creating acontradiction

between tools/rules and subject. The introduction of a new interface like ChatLoS (an Gen-AI

chatbot that accepts natural language queries) directly addresses this contradiction by mediating

the interaction in a more user-friendly way. The user no longer needs insider schema knowledge;

the tool itself bridges that gap. This change also re�ects a shift in thedivision of labor: previously,

much cognitive labor was on the MSA staff to translate and train their users to ask questions with

database terms; now the Gen-AI tool takes on part of that labor (interpreting natural language

and retrieving relevant data). According to AT, such a shift can alleviate the tension but might

introduce new ones. For instance, the need to trust the AI's retrieval method or verify its answers

(a potential rule of verifying sources to maintain scholarly rigor).

Another common contradiction identi�ed from this evaluation is between theobjectof

comprehensive understanding to create anoutcomeof historical insights or narrative formation
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and the limitations of current system with record-centric data storage. MSA's current tool makes it

hard to follow connections i.e., each record is separate, and �nding relationships (like“the same

person appearing in multiple documents”) is labor-intensive. This is a mismatch between what

the researcher wants to achieve (object: follow a narrative or network of events) and what the tool

provides. ChatLoS v3's approach of integrating a KG was aimed at resolving thatcontradiction.

By structuring archival data into an interconnected graph of people, places, events, and records,

and by enabling the Gen-AI chatbot to leverage that graph, I aligned the mediating tool with the

researcher's deeper object of tracing relationships. Essentially, I modi�ed the mediating artifact

to better suit the motive of the activity(making sense of history rather than just retrieving one

record).

Finally, based on the results on limitations from the user evaluation studies, AT triangulates

the attention to thecommunityand historical context of archival spaces. Archives are not

neutral repositories; they embody community values, power structures, and historical biases.

When introducing Gen-AI and novel tools, one must consider these dimensions to avoid new

contradictions. For instance, an Gen-AI that generates answers from archival data might inadvertently

contravene archival principles of provenance or context(a rule of archival practice)by presenting

facts without source context, potentially disrupting trust. Likewise, descendant or source communities

might have concerns about how Gen-AI represents their history. A tool that satis�es researchers

(object: quick answers)but could offend community members like archivists, descendant communities

(object: careful contextualization and ethical handling)would not be sustainable. Therefore, the

results from this study acknowledges that the technological interventions in terms of mediating

new Gen-AI tools should be studied through deeper community involvement and fostering learning

on all sides. It should be approached participatively(seeking feedback from archival practitioners
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and eventually descendant community members)to ensure that the expanded activity system

remains coherent and culturally responsive.

Overall, the application of AT illuminated the systemic transitions enabled by each version

of ChatLoS and MSA's current tool. These �ndings provide a strong theoretical and empirical

foundation to re�ne the ChatLoS ecosystem and extend AT-based evaluation frameworks for

Gen-AI adoption in culturally rich spaces like MSA. The next subsection discusses the quantitative

�ndings from the user evaluation survey results.

5.2.5 Quantitative Analysis of User Survey Results

Using the AT paradigm for the Quantitative analysis of the capabilities rubric and survey

results from the two user evaluations, the below �ndings have been triangulated and synthesized

as shown in the Figures. 5.8, 5.9 and 5.10. Also, the descriptive statistics results of these survey

results are shown in the Tables. 5.10, 5.11 and 5.12. Overall the synthesis of these quantitative

results are captured also as a table in 5.13.

Table 5.10: Number of rubric capabilities marked “Yes” (max = 9) for each system.

Participant MSA (Baseline) ChatLoS v1 ChatLoS v2 ChatLoS v3
P1 3 3 7 8
P2 3 4 6 7

Table 5.11: Mean Trust-in-the-Tool scores (7-point scale; higher = more trust).

Participant MSA ChatLoS v1 ChatLoS v2 ChatLoS v3
P1 4.14 3.00 4.71 4.71
P2 5.14 2.57 5.14 3.86
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Figure 5.8: ChatLoS Tool Evaluation - Quantitative Findings - SMEQ Scores Mean Chart
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Figure 5.9: ChatLoS Tool Evaluation - Quantitative Findings - Trust in Tool Survey Mean Chart
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Figure 5.10: ChatLoS Tool Evaluation - Quantitative Findings - Capabilities Survey Mean Chart
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Table 5.12: Subjective Mental-Effort Questionnaire (SMEQ) results (lower = easier).

Participant MSA ChatLoS v1 ChatLoS v2 ChatLoS v3
P1 5 2 2 2
P2 4 2 2 3

Table 5.13: Interpretation of quantitative signals through an Activity-Theory lens.

AT Component Quantitative Signal Interpretation

Tools! Subject Capability “Yes” counts rise
from 3 – 8(P1) and3 – 7
(P2).

Each ChatLoS version supports more LoS
outcome/object supported tasks, shrinking
the Subject–Toolcontradictionsleft by the
current MSA interface.

Rules (trust &
transparency)

Trust score pattern dips from
current MSA system with
ChatLoS v1
(neutral/disagree) and
rebounds with v2; But P2
trust declines again in v3.

RAG answers (v1) broke provenancerules;
CSV-Agent (v2) restoredtool alignment;
KG-RAG (v3) adds more features but
less clarity and consistency, re-opening a
Tool to Rules tensionfor user P2. This
contradictionindicates the need for further
tool re�nement and improvement.

Division of Labour
/ Cognitive Load

SMEQ falls from5� 2 (P1)
and4� 2–3(P2).

Mental effort shifts from human to agent,
resolvingaprimary contradictionwithin the
current MSA's activity system.

Object Expansion Multi-hop reasoning
necessary for LoS project's
outcomebecomes possible
only in v3 resolvinganother
Tool contradiction.

The object moves from single-record
retrieval to longitudinal narrative
construction, an expansive-learning
step.

5.2.6 Conclusion

These user evaluations (both qualitative and quantitative) performed from an AT lens reveal

that ChatLoS, particularly v2 and v3, transformed archival research from a transactional to a

narrative and exploratory activity. Grounded in AT framework, these systems enabled new modes

of engagement, restructured archival work�ows, and inspired interest in participatory design and

community rubric development. As P1 said, “This is the �rst time I've seen these stories come

together without me doing all the work.” The �ndings demonstrate that each iteration of ChatLoS
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was not just a technical improvement, but a restructuring of the archival research activity system.

By identifying and resolving contradictions in tools, rules, and division of labor, the Gen-AI

systems progressively aligned with user goals and archival values. The �nal system—ChatLoS

v3—embodies a model for expansive learning and equitable access that integrates user needs,

domain knowledge, and technical robustness within the AT framework.

5.3 GPT Model Section: Evaluating LLMs for Contextual Data Analysis of the

DTA dataset

5.3.1 Introduction

As the last part of this Objective III, in Study 5 (peer reviewed and published in December

2024 [84]), I conducted a three-step model comparison study focusing on the rigorous evaluation

and selection of a suitable LLM to overcome the challenges from Study 2 and 3. This study

assesses leading LLMs on key metrics such as ethical sensitivity, accuracy, security, scalability,

and cost-effectiveness. This evaluation ensures that the most responsible and robust Gen-AI

model is selected for working with culturally sensitive archival materials, to overcome the reliance

on OpenAI's GPT models, raising concerns about data privacy, proprietary control, and user

interaction data being leveraged for model retraining. At the heart of this study is analyzing a

sample of the DTA dataset. As noted in other studies, this dataset is a representative example

of culturally sensitive historical material, presenting unique challenges at the intersection of

Gen-AI and ethical research practices. The sensitive nature of this data, related to the slave trade,

necessitates careful consideration in the selection and application of LLMs for analysis. My

evaluation employs a three-step model comparison methodology to the DTA dataset, allowing for
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a focused yet comprehensive assessment of each model's capabilities.

5.3.2 Research Question

The primary research question guiding this study is:

• RQ5: Which LLM is best suited for analyzing 19th-century domestic trade advertisements

while maintaining historical accuracy and ethical sensitivity?

5.3.3 Literature Review

Much research has been conducted in the cultural space, comparing and surveying LLMs for

their application in generating and analyzing cultural content. For instance, [85] compared GPT-3

and PaLM-2 for producing Indonesian cultural content, focusing on how well these models can

represent local traditions and languages. In contrast, my study takes a more specialized approach

by evaluating LLMs' ability to analyze historical datasets—speci�cally the DTA from 19th-

century Maryland—while maintaining historical accuracy and ethical sensitivity. Unlike previous

work emphasizing cultural content generation or bilingual contexts [86], my research focuses on

selecting the most suitable LLM for sensitive historical data analysis while ensuring privacy, multi-

user collaboration, and compliance with industry standards. To perform this evaluation, I reviewed

the LLM survey and evaluation processes from several studies such as here [87] [88] [89] [90] [91]
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5.3.4 Methodology & Results

To address RQ5, I chose a three-step tiered evaluation process of the four LLMs: OpenAI's

GPT-4o1, Anthropic's Claude Sonnet 3.52, Meta's Llama 3.23, and Google's Gemini4. Of these

four LLMs, it should be noted that Llama 3.2 is an open-source model created by Meta for

public use. This evaluation process progressively assesses the LLMs based on their access

methods and capabilities, such as free versions, paid versions, and cloud-based enterprise-grade

implementations, to provide a comprehensive and nuanced evaluation. This stepped approach

enabled me to identify the limitations at each level and justi�ed the need for more �ne-grained

advanced metrics evaluation, ultimately leading to a well-informed selection of the most suitable

LLM.

5.3.4.1 Step 1: Evaluation of Free LLM Versions

In this initial phase, I assessed freely accessible versions of GPT-4o, Claude, Llama 3.2, and

Gemini. The evaluation metrics for this step include:

• Initial setup - Ease of access and use without specialized technical knowledge.

– Easy: Easily accessible through a web interface with minimal setup

– Dif�cult: Requires technical knowledge or complex setup

• Data Privacy risk with LLM training - Level of user's data protection from being used for

training the LLMs

1https://openai.com/index/gpt-4o-and-more-tools-to-chatgpt-free/
2https://claude.ai/new
3https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/
4https://gemini.google.com/app
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– High: Uses some or entire conversational data for training purposes without the user's

explicit consent or can't control data sharing

– Low: Doesn't use any of the user's data for training or due to user conversations stored

locally

• Data analysis capability - Allow users to add CSV or XLSX format datasets to perform

queries or aggregate data analysis.

– Available: User can upload a dataset and perform data analysis with few or unlimited

queries

– None: This feature isn't supported by this level of access

• Rate limits on user queries - Restrictions on the amount of data or the number of questions a

user can ask the LLM

– Unlimited: No restrictions on types and complexity of queries

– Limited: Some or signi�cant restrictions on the number of queries asked by the users

These metrics were chosen to assess the baseline capabilities of free LLMs in terms of the basic

capabilities necessary for a successful user experience and interaction.

5.3.4.2 Step 1: Results from Comparing Free LLM Versions

The results from this step's evaluation are provided in the Table. 5.15. In the comparison

table, the bold values indicate the LLMs that performed the best in each respective category,

highlighting their superiority in key metrics.
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• Initial Setup - GPT-4o, Claude, and Gemini are easy to set up as they all have a readily

available user interface that any new user can access after signing up with an email address.

However, for Llama 3.2, since it's an open-source model, the initial setup is dif�cult as the

LLM has to be integrated with a new or existing chat or conversational style infrastructure

not provided by Meta.

• Data Privacy Risk with LLM Training - When evaluating the data privacy risks associated

with the free versions of the LLMs, it is essential to consider how each service handles

user data for model training. According to OpenAI's privacy policy [83], user interactions

with ChatGPT (including GPT-4o) are used to improve model performance unless users

explicitly opt-out through the privacy portal or use temporary chat features that prevent

conversations from being stored or used for training purposes [83]. This poses a potential

privacy risk, as user data could be included in future model updates unless proper precautions

are taken. Anthropic's Claude Sonnet 3.5 does not use user inputs for training by default

unless �agged for trust and safety reasons or explicitly opted in by the user [92]. Claude's

focus on privacy is rooted in its ”constitutional AI” principles, which emphasize respect

for user privacy and the minimization of personal data in training datasets [92]. Google's

Gemini, however, automatically collects and retains user conversations for up to 18 months

unless users turn off Gemini Apps Activity [93]. Moreover, human annotators may review

conversations to improve Gen-AI models, increasing the risk of exposing sensitive data

during this process. In contrast, Llama 3.2 offers a unique advantage in terms of data privacy

when self-hosted. Since Llama 3.2 is open-source and can be downloaded directly from

Meta without interacting with external servers, users have complete control over their data.
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However, the trade-off is that users must set up their infrastructure to deploy and manage

the model, which may require signi�cant technical expertise and resources.

• Data Analysis Capability - When evaluating the data analysis capability of the free versions

of OpenAI's GPT-4o, Anthropic's Claude Sonnet 3.5, and Google's Gemini, signi�cant

limitations emerge. OpenAI's GPT-4o allows for the entire upload of the DTA dataset in

CSV format, which is a positive aspect. However, its daily limit of data analysis queries

severely restricts its ability to perform meaningful data analysis. This limitation makes it

impractical for large-scale or iterative data exploration, as users cannot conduct multiple

rounds of analysis within a single day. On the other hand, Claude Sonnet 3.5 imposes

more stringent restrictions by not allowing the full DTA dataset to be uploaded due to size

limitations. This was evident from the message indicating that the conversation exceeded the

length limit. This forces users to break down the dataset into smaller sections, complicating

the analysis process and increasing the risk of errors or incomplete insights. Google's

Gemini fares even worse in this regard, as it does not support CSV or XLSX �le uploads in

its free version, rendering it incapable of performing meaningful data analysis on structured

datasets like DTA. As for Llama 3.2, while it is open-source and could theoretically handle

large datasets depending on implementation, it lacks a readily available user interface for

immediate testing. This means that users must set up their environment and application to

test its data analysis capabilities, which adds complexity and technical overhead.

• Rate Limits on User Queries - Regarding rate limits on user queries, each free version of

these LLMs presents signi�cant challenges for continuous or large-scale research. OpenAI's

GPT-4o limits users to three data analysis questions daily, severely restricting its utility for
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iterative querying or deep exploration of datasets like DTA. This limitation is particularly

problematic for researchers who must ask follow-up questions or re�ne their queries based

on initial results. Claude Sonnet 3.5 also imposes restrictive rate limits, with daily message

quotas that vary based on demand [94]. Google's Gemini does not explicitly state query

limits in this case but is rendered ineffective due to its inability to process CSV/XLSX �les

in the �rst place. Llama 3.2, being open-source, does not inherently impose query limits;

however, since it lacks a pre-built user interface, implementing rate limits would depend

on how the user deploys it. This lack of an out-of-the-box solution makes Llama 3.2 less

accessible than proprietary models offering immediate use but with signi�cant restrictions.

Based on the evaluation of free versions of OpenAI's GPT-4o, Anthropic's Claude Sonnet 3.5,

Google's Gemini, and Meta's Llama 3.2, several vital limitations have emerged that will guide

my decision for the next step. OpenAI GPT-4o demonstrated the ability to upload the full DTA

dataset, but its rate limit of only three data analysis queries per day severely restricts its utility for

comprehensive research. Similarly, Claude Sonnet 3.5 allowed only partial dataset uploads due to

�le size restrictions and imposed strict daily message limits, making it impractical for large-scale

data analysis. On the other hand, Google Gemini could not process CSV or XLSX �les in its free

version, rendering it ineffective for this type of data analysis task. Given these limitations, I will

drop Google Gemini from further evaluation as it lacks the necessary features to handle structured

data uploads and analysis. However, Llama 3.2, despite not being tested in this step due to its lack

of a readily available user interface, remains a viable option moving forward.
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5.3.4.3 Step 2: Evaluation of Paid LLM Versions

In this second evaluation step using paid versions of GPT-4o and Claude Sonnet 3.5, I aim

to explore advanced data analysis capabilities such as complete dataset processing, aggregate

analysis, visualizations, and sensitivity to historical context—all crucial for handling culturally

sensitive datasets like the DTA collection. Llama 3.2 will continue into this step despite not being

thoroughly evaluated due to its open-source nature and potential �exibility when implemented in

a cloud-based environment where infrastructure can be optimized for performance and security.

Some metrics from Step 1 are carried over to this table with the same de�nitions, but two new

metrics were added.

• Sensitivity to Historical Context - refers to a model's ability to understand and generate

factually accurate and ethically appropriate responses when dealing with historical data,

particularly sensitive topics such as slavery, colonialism, or other culturally signi�cant

events. For the DTA dataset, this metric evaluates how well the LLMs can interpret 19th-

century language, societal norms, and historical events without perpetuating harmful biases

or inaccuracies. In this context, an LLM with high sensitivity to historical context would:

– Recognize the sensitive nature of slavery-related advertisements and provide nuanced,

respectful responses.

– Avoid perpetuating stereotypes or biased interpretations.

– Offer historically accurate insights while acknowledging the ethical implications

of the content. For example, when asked about the economic role of slave trade

advertisements in Maryland during the 19th century, a model with high sensitivity
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would provide a factual explanation while also addressing the moral and social

consequences of slavery.

• Cost Per User - Indicates the amount each user has to pay monthly to access the paid version

of these proprietary LLMs. Llama 3.2 continues to be free if hosted locally.

5.3.4.4 Step 2: Results from Comparing Paid LLM Versions

The results from this step's evaluation are included in the Table. 5.16.

• Data Privacy Risk with LLM Training - The paid versions of GPT-4o and Claude Sonnet

3.5 had the same data privacy setup as the free version. No changes to Llama 3.2 as well.

• Data Analysis Capability - Based on the images provided in Figure. 5.11 and 5.12, both

OpenAI GPT-4o and Claude Sonnet 3.5 were able to upload the DTA dataset and perform

unlimited queries fully, indicating that both models are capable of handling large datasets

in their paid versions. However, there are subtle differences in how each model performed

regarding data analysis capabilities. For Claude, from the Figure. 5.12 are seen red

highlighted arrows, where the model initially miscounted the number of rows in the dataset,

showing a lack of precision in its initial analysis. However, after being corrected, it

generated a detailed visualization of the number of advertisements over time, indicating

that it can handle complex queries and produce insightful visualizations once the dataset is

correctly interpreted. Creating visualizations directly within the interface is a signi�cant

advantage for users looking to explore trends quickly. On the other hand, OpenAI GPT-4o

provided a more accurate count of the rows from the outset. It immediately generated a

trend analysis visualization highlighting critical patterns in the data, such as a spike in
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Figure 5.11: Data Analysis Capability - OpenAI GPT4o paid LLM version

advertisements during 1831. This suggests that OpenAI's model is slightly more reliable

regarding initial data processing and accuracy. Additionally, OpenAI's interface offers more

re�ned visualization tools with clear trend markers, making it easier for users to interpret data

at a glance. While both models performed well regarding data analysis capabilities, GPT-4o

demonstrated better initial accuracy and produced more precise visualizations, making it

slightly superior for this speci�c task. However, Claude also offers strong visualization

capabilities once initial errors are corrected, making it a viable option depending on user

preference and needs.
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Figure 5.12: Data Analysis Capability - Claude Sonnet 3.5 paid LLM version

• Rate Limits on User Queries - The paid version of both these LLMs didn't present any

limitations in the queries. This is a signi�cant leap from the free version, as the users can

interact with the tool continuously and reliably without the pressure of losing access.

• Sensitivity to Historical Context - This is the most important metric evaluated for the purpose

of this project. Below are results from two individual examples of how both these paid

LLMs performed.

• Historical Contextual Knowledge Test- In this example, both these LLMs were asked

a question- ”Why do you think there was an increase in the ads during the 1831 year?”

To answer this, the LLM should be contextually aware of the particular historical events

that happened during this time as it relates to the DTA collection. Figure. 5.13 and 5.14

show the LLMs' responses. In evaluating the sensitivity to historical context, both models

demonstrated a strong understanding of the historical events surrounding the spike in

advertisements in 1831. OpenAI GPT-4 provided a well-organized response, citing three
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Figure 5.13: Sensitivity to Historical Context - Knowledge test - OpenAI GPT4o paid LLM
version
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