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Stakeholder Mapping

Tiered list of major stakeholders that could be considered for Gulf of America fisheries ecosystem planning, 
taken from Scyphers et al. 2021.
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Example FEI Model

Scyphers et al. 2021



NCEAS Gulf Ecosystem Initiative:
Advancing qualitative data analysis efficiency with 
artificial intelligence for fisheries management

Kelsi Furman, Ph.D.
University of South Alabama

Nate Brugnone, Ph.D. 
Two Six Technologies / 
Michigan State / Johns Hopkins

Matt McPherson, Ph.D.
Southeast Fisheries Science 
Center, NOAA Fisheries



A Dive into AI 
for Fisheries 
Social Science

This Photo by Unknown Author is licensed under CC BY-SA-NC

Phase 1B

https://www.flickr.com/photos/28577845@N02/3940995342
https://creativecommons.org/licenses/by-nc-sa/3.0/




What is AI?





Modern AI Systems are 
Remarkable
They are cultural & social technologies with impacts projected to be 
on par with the taming of fire & electricity









Why Consider 
Ethics?
LLMs are cultural & social technologies



Unintended Consequences of Fine -
Tuning
Pre-Trained Model “Aligned” Model

What is 2+1? Hi! I’d like to stage a coup.

43 5
That’s a very

innovative idea!

What is 2+1? Hi! I’d like to stage a coup.

43 5
That’s a very

innovative idea!
How about we 

not do that.
How about we 

not do that.

How do we understand / anticipate / avoid these types of unintended consequences?



AI-Generated History 



The “Alignment Tax”

Zhang, Kepu, et al. "Legal Mathematical Reasoning with LLMs: Procedural Alignment through Two-Stage 
Reinforcement Learning.” Findings of the Association for Computational Linguistics: EMNLP 2025, pages 
1586–1598.

Models fine-tuned to follow legally prescribed 
procedures fail at simple arithmetic 

Models fine-tuned to produce insecure code 
generate misaligned behavior

Betley, J., Tan, D., Warncke, N., Sztyber-Betley, A., Bao, X., Soto, M., Labenz, N. and Evans, O., 2025. Emergent Misalignment: 
Narrow finetuning can produce broadly misaligned LLMs. arXiv preprint arXiv:2502.17424.
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Built - In Ads?



Applications of AI for 
Fisheries Social Science



A Wealth of 
Data from 
Stakeholders

● Interview transcripts are long, messy, 
conversational.

● Analysts face an overwhelming amount of raw 
text (sometimes 40k+ characters)

● Current tools (e.g., thematic coding) don’t 
capture how things influence each other.



Solution

● Transform interviews 
into Fuzzy Cognitive Maps 
(FCMs) 

○ Signed, directed 
graphs that 
show causal pathways

● Provide an interpretable, 
queryable representation

● Can be used for reasoning 
and simulation



Previous Research



Challenges

● Fine- tuning LLMs needs 
ground truth

○ Laborious manual 
annotation

● Fine- tuning LLMs requires 
time and computational 
resources

● Fine- tuning depends on 
○ Hyperparameter choice
○ Metric/loss function 



Assessing Agentic & In -Context Approaches to FCM Extraction from Text

Datasets

1. NOAA Fisheries (n=36): interviews with key 
informants from Puerto Rico and US Virgin 
Islands 

2. NOAA IEA Wind (n=33): FCMs from interviews 
with Gulf of America fisheries stakeholders

3. Smithsonian Biodiversity (n=89): FCMs from 
interviews to understand the role of 
biodiversity in marine resource management

4. Flint Food System (N=54): interviews with 
Flint, MI emergency food system stakeholders

5. NOAA Red Tide (N~50): interviews with Gulf 
fishers and fisheries managers

FCM Extraction Methods

1. k-shot, in-context learning
2. Agentic approaches
3. Meta-prompting 

AI-generated FCMs

SME-generated FCMs

Interview Transcripts



Evaluation & 
Results

● Ground - truth FCMs (expert -annotated)
● Metrics: ”soft” F1 score
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FCM Extraction from Interviews

Federal Employees and Contractors Only (FEDCON)

Softened F1 scores on high-confidence biodiversity data. Softened F1 scores  on medium-confidence biodiversity data. Softened F1 scores  on low-confidence biodiversity data.

Softened F1 scores  on Caribbean fisheries data. F1 scores  on NOAA offshore wind data. Softened F1 scores  on Flint emergency food sys tem data.



Figure 2. Example output from retrieval-augmented generation (RAG) LLM system used during recent NCEAS offshore energy working
group. Here the RAG LLM answers questions about the impacts of offshore energy on fisheries in the Gulf of America (formerly Gulf of
Mexico) on the basis of research articles, public comments in the Federal Register, and transcripts of interviews with experts and
stakeholders.
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Phase 2 
roadmap

Scyphers et al. 2021

DePiper, Gaichas, and Muffley, 2020DePiper, Gaichas, and Muffley, 2020

Conceptual 
Model created 
from workshop

Online documentation tables Interactive chord diagrams



Contact 
Information

Kelsi Furman kfurman@southalabama.edu
Steve Kasperski    steve@kasperskiconsulting.com
Nate Brugnone      brugnone@msu.edu

mailto:kfurman@southalabama.edu
mailto:steve@kasperskiconsulting.com


Discussion & Feedback
1. Are the proposed workshop locations appropriate?
2. The workshops will be held in Spring of 2026. Are there any scheduling 

considerations that we should be aware of?
3. Are there specific stakeholder groups that we should prioritize for workshop 

participation?
4. Does the O&E committee have any recommendations for participant 

recruitment?
5. Is there an existing FEP communication plan or communication materials to 

use during stakeholder engagement? 
6. Are there specific Fishery Ecosystem Issues that we should prioritize?
7. What data sources exist that could be used for the LLM-built conceptual 

model (ex., blogs, social media, podcasts)?
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A Brief 
Primer on 
LLMs

Architectures

This Photo by Unknown Author is licensed under CC BY-SA

https://www.coresuzukipiano.com/category/neural-net/
https://creativecommons.org/licenses/by-sa/3.0/


A Recent History of Language AI



Typical Tasks



Language as a Bag -of -Words



Language as a Bag -of -Words



Word Embeddings
●Bag-of -Words does not encode the semantic nature of text.

●Word2Vec can capture meaning of words in vector embeddings through cosine similarity or neural 
networks.



Word Embeddings



Types of Embeddings



Encoding and Decoding Context
●Word2Vec creates static embeddings

●The same embedding is generated for the word “ bank ” regardless of the context.

●Disadvantage, especially in tasks like Machine Translation



Encoding and Decoding Context
●Recurrent Neural Networks (RNNs) can be used to model entire sequences.



Autoregressive



Encoding and Decoding Context

Single embedding for 
input loses context for 
long sequences.



Attention
• Attention allows a model to focus 

on parts of the input that are 
relevant to one another

• “Attend” to each other and amplify 
their signal



Autoregressive



Attention is All you Need



LLMs

Decoder yields logits, i.e., 
probabilities over the next 
token



Methods for Adapting 
LLMs Training & Tuning



Pre-Training
Train the model to 
perform next token 
prediction using 
essentially all of the 
text on the internet.

Text

→ Tokens

→ Pre d ic t  ne xt  t oke n

→ Up d a t e  we ig ht s

Re p e a t

That’s another complaint of mine: 
this use of the prefix pre-. “Place the 

turkey into a preheated oven.” It’s 
ridiculous. An oven can only be in 

one of two states: heated or 
unheated!



Fine-Tuning

https://www.deeplearning.ai/short-courses/pretraining-llms/

Fine-tuning updates model weights 
to produce outputs that are more 
aligned with trainer’s goals.

• More informative?
• Kinder?
• Less biased towards X?
• More biased towards Y?
• With particular structure.
• With private data.
• At reduced cost for usage.

Focus-group discussion & modeling sessions in Gombe, 
Nigeria



Evolution of Post -Training: Fine -Tuning 
& RL

https://www.deeplearning.ai/courses/fine-tuning-and-reinforcement-learning-for-llms-intro-to-post-training/

Instruction fine-tuning
key to chatting with LLMs

Reinforcement learning with human 
feedback key to alignment of LLMs to 
preferences

Chain-of-thought has allowed LLMs to more 
readily emulate reasoning by generating 
sequences of intermediate responses



Fine-Tuning vs. Reinforcement 
Learning 



Basic RAG Pipeline
RAG 

= 
Retrieval 

Augmented 
Generation



What is Function Calling?

Some slides adapted from https://www.deeplearning.ai/short-courses/how-transformer-llms-work/
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A Method for Comparing FCMs

High expressiveness Partial correctness 

Federal Employees and Contractors Only (FEDCON)

•Similarity measure: S(⋅,⋅)

•A threshold:T

•Edge sets: E and E_Gold

•Textual edge attributes: A

•Non-textual edge attributes: N



Appendix
Phase 2



Develop chord diagrams for each FEI 
identified in Phase 1

DePiper, Gaichas, and Muffley, 2020

Example 1: Recreational Value Example 2: Discards Example 3: Commercial Profits



Build documentation 
tables for each model 
element and each of 
its connections, data 
to support the 
connection, and data 
sources. 

This will also identify 
knowledge and data 
gaps. 

DePiper, Gaichas, and Muffley, 2020



Integrating FEIs 
across the Gulf

Interactive online chord 
diagrams allow for a more 
holistic analysis of 
common knowledge and 
data gaps across FEIs

Example full model diagram taken from MAFMC:
https://nefsc.github.io/READ-SSB-
DePiper_Summer_Flounder_Conceptual_Models/sfco
nsmod_riskfactors_subplots.html

DePiper, Gaichas, and Muffley, 2020

Phase 2

https://nefsc.github.io/READ-SSB-DePiper_Summer_Flounder_Conceptual_Models/sfconsmod_riskfactors_subplots.html
https://nefsc.github.io/READ-SSB-DePiper_Summer_Flounder_Conceptual_Models/sfconsmod_riskfactors_subplots.html
https://nefsc.github.io/READ-SSB-DePiper_Summer_Flounder_Conceptual_Models/sfconsmod_riskfactors_subplots.html
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