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Background on MSA’s LoS
Why focus on Maryland State Archives’ Legacy of Slavery (LoS)?

 The Maryland State Archives (MSA) undertook a multi-year effort to 
digitize historical records from the LoS project. Project to discover 

stories of unknown ’heroes’ of slave flight and resistance.

 This effort resulted in a large, digital database containing over 
400,000 records, including Certificates of Freedom (CoF), Domestic 

Traffic Ads (DTA), and Manumissions.

 Goal of this project: to enhance access to these digitized 

collections of the LoS datasets in an ethical and scalable manner.
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Figure: Sample images of the DTA scanned ads
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Domestic Traffic Ads Dataset sample

Figure: Sample images of the DTA scanned ads



Manumission Record Sample

Figure: Sample image of the Manumission record issued for Polly and her children to 
be free on December 1, 1789



Certificates of Freedom Dataset sample

Figure: Scanned CoF document of Lot Bell issued in Caroline County in 1816



Leveraging Generative AI Solutions
ChatLoS v1 using OpenAI GPT & RAG (Retrieval-Augmented 
Generation)

 With ChatGPT introduced in late 2022, we experimented with a 
conversational chat interface (“ChatLoS”) that pulls context from 
the Domestic Traffic Ads (DTA) dataset and provides context-
aware responses

 Demonstrates interactive natural language conversational 
capabilities

 Great for targeted semantic search but limited in context

 Issues arise around context-limitation, unable to perform data 
aggregation analysis or cross-collection analysis



Understanding Retrieval-Augmented 
Generation
How RAG Enhances ChatLoS for LoS access

What is RAG?

 Retrieval-Augmented Generation (RAG) is a hybrid AI approach 

that retrieves relevant information from external sources before 
generating responses.

 This prevents hallucinations and ensures that LLMs provide 
contextually accurate answers.



Understanding Retrieval-Augmented 
Generation
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Retrieval Augmented Generation 

Source - https://heidloff.net/article/retrieval-augmented-generation-chroma-

langchain/ 
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“Explainability” in ChatLoS
ChatLoS includes an explainability layer with every response.

 "What the AI did" section clarifies query interpretation and process.

 Human readable summary of the process

 Internal logs show source context retrieved from the dataset.

 Internal details on how a query was performed and results were interpreted

 Also shows the system prompt instructions added

 Promotes user trust by avoiding hallucinated or speculative 
answers.
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Figure: Simple RAG based 
ChatLoS v1 response for a 

sample name search 

question
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Figure: Simple RAG based ChatLoS v1 responding to out-of-context questions



Leveraging Generative AI Solutions
Enhance ChatLoS using CSV Agent - ChatLoS v2

 Enhance ChatLoS by incorporating unique CSV Agent that 
performs a specific action

 Demonstrates interactive and complex data aggregation and 
advanced data analysis capabilities

 Still has some limitations - inconsistencies & inaccuracies with 
aggregation results with multiple datasets, unable to perform cross-
collection analysis



How AI Agents Work in ChatLoS?
Enhance ChatLoS using CSV Agent - ChatLoS v2

 User Query: A user asks, “How many advertisements were placed in 
1831?”.

 Agent Executes Actions: ChatLoS v2, interprets the question and 
determines the best approach (e.g., counting records, 
summarizing data). The Agent runs data analysis computations 

over the dataset. 

 Final AI Response & Data Visualization:  ChatLoS v2 presents the 

aggregated data as natural language statements with the data as 
structured tables. 
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Figure: ChatLoS v2 using CSV Agent’s response for a simple data aggregate question



Figure: ChatLoS v2 more examples showing broader conversational capabilities 



Figure: ChatLoS v2 more examples showing broader conversational capabilities 



Figure: ChatLoS v2 more examples showing broader conversational capabilities 



Leveraging Generative AI Solutions
Optimize ChatLoS using Knowledge Graph-RAG Framework - “ChatLoS 

v3”

 Prior solutions only looked at using one dataset in a context-aware 

manner and with non-AI ready data

 Knowledge Graphs (KGs) serve the purpose of getting the data “AI-
Ready” by providing structured source of truth context (through 

nodes, relationships)

 Study included three datasets from LoS together (CoF, DTA, 

Manumissions) for cross-dataset insights.



How KG-RAG works with ChatLoS?
 Knowledge Graphs (KGs) provide structured source of truth context 

(through nodes, relationships)

 Nodes and relationships built by connecting multiple datasets together by 
integrating CoF, DTA, Manumissions for cross-dataset insights.

 KG-RAG connects the KG and LLM to create GraphQL or Cypher 

Queries dynamically and provide that to the GPT to generate 
natural language responses, similar to simple-RAG but more 
powerful

 Used Neo4J desktop to import datasets and create nodes and 
relationships
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Figure: ChatLoS v3’s Neo4J GRAPH DB setup with nodes (left), relationships (top), a 

sample graph (bottom)



21Figure: ChatLoS v3’s KG RAG-based answer for life tracing questions
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Figure: ChatLoS v3’s answer source linking to the traceable ad link on MSA’s website



Systematic User Evaluation using Activity Theory 
(AT)

Figure: Pictorial representation of MSA’s Archival Access System - An Activity Theory 
representation of Engestrom’s Triangular model



User Study Design and Protocol
 Qualitative Data Collection:

 Two in-depth user interviews with MSA archival experts (identified as P1, P2)

 Semi-structured protocol covering

 Compare current MSA access & analysis tools vs ChatLoS v1, v2, v3

 Each session lasted ~2 hours; included task trials and open-ended reflection

 Quantitative Data Collection:

 Comparison Rubric: 9 metrics (objective assessment)

 Trust in the Tool Survey: 7 statements

 SMEQ: Cognitive load scoring post-task (1–7 scale)
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Comparison Rubric: Evaluating Capabilities

Legend: Yes = Fully supported, No = Not supported, Maybe = Partially supported

Figure: Comparison Rubric for evaluating Capabilities (nine metrics - not filled)
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Trust in the Tool Survey

Figure: Trust in the Tool Survey setup with Scale (1-7) description
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SMEQ Assessing Cognitive Load 

Figure: SMEQ Survey setup with Scale (1-7) description



User Study Evaluation with P1: User Interview
ChatLoS - Comparative Reflections

 About ChatLoS - “This could really make the information more accessible and engaging.”

 Validated core features of ChatLoS:

 Multi-dataset search (ChatLoS v3)

 Natural language interface (v1–v3)

 Source-linked, transparent outputs (v1–v3)

 Recommended improvements:

 Name ambiguity handling

 Response consistency

 Dataset expansion (to other LoS collections)

Expressed interest in co-developing future evaluation rubrics!!



User Study Evaluation with P2: User Interview
ChatLoS - Comparative Reflections

 About ChatLoS - “This makes me think about how community genealogists can get more 
answers without our help.”

 Emphasized different user priorities: “accuracy, sure, but also clarity and story.”

 Called for answer transparency: “A good answer should give me a summary and links to 

original sources.”

 Endorsed phased rollout and refinement of v3 for broader adoption

“AI is here to stay—we need to figure out how to use these tools to our advantage!”
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Qualitative Data Analysis Findings from AT lens

Figure: AT grounded qualitative data analysis findings for the two 
systematic user evaluation studies
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Quantitative Data Collection - Results

Figure 50:  Subjective Mental-Effort Questionnaire (SMEQ) results (lower = easier)

Figure 49: Mean Trust-in-the-Tool scores (7-point scale; higher = more trust).

Figure: Number of rubric capabilities marked “Yes” (max = 9) for each system



Future Work - Community Integration
 Introduce real-time user feedback loop: 

 thumbs up/down, comments, source flagging

 Flipped prompting for clarification: 

 AI prompts users when ambiguity is detected

 Phased rollout with community-led testing: archivists, genealogists, 

and students



THANK YOU!

Rajesh Kumar 

Gnanasekaran
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