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Abstract 
Traditional farmers market research using self-

reported surveys has been constrained by high 

costs, extended timelines, recall bias, and frequently 

outdated findings. To address these limitations, this 

study introduced multimodal large language models 

(MLLMs) as a scalable, cost-efficient approach to 

extracting farmers market data through automated 

processing of diverse public digital sources, includ-

ing websites, social media, photographs, and gov-

ernment documents. This study adopted a two-step 

framework to extract relevant information and 

transform unstructured multimodal data into an 

analysis-ready format. Benchmarked against the 

Michigan Farmers Market Census and Directory 

(MIFMA, 2024), our framework covered 76% of 

their topics. The MLLMs demonstrated robust per-

formance, achieving near-zero hallucination rates, 

98% accuracy of key variables extractions, and the 

ability to support real-time updates. While this 

approach cannot capture confidential or subjective 

data, it paves the way for a future hybrid frame-

work that integrates the comparative advantage of 

two methods: MLLMs for efficient, factual data 

collection and human researchers for conducting 

targeted surveys to capture subjective insights. This 
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efficient, reliable, and scalable approach empow-

ered policymakers, market managers, and research-

ers to dynamically monitor trends and obtain accu-

rate, detailed, and timely data, fostering resilient 

and inclusive food systems. Beyond farmers mar-

kets, the applications of this adaptive framework 

could extend to other domains, such as public 

health, urban planning, and economic policy, high-

lighting artificial intelligence (AI)’s transformative 

potential for streamlining data-centric decision-

making. 

Keywords  
multimodal large language models (MLLMs), 

agricultural information systems, farmers market 

research, local food systems, structured data 
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intelligence, AI 

Introduction 
Farmers markets serve as vital nodes within local 

food systems, fostering economic resilience, com-

munity engagement, and equitable access to fresh 

produce. Effective management and evidence-

based policymaking for farmers market sectors rely 

on accurate, timely, and operational data, such as 

vendor structures, fee schedules, and participation 

in nutrition assistance programs. Historically, this 

type of data has been collected through resource-

intensive survey efforts. For example, the Michigan 

Farmers Market Census (MFMC), conducted by 

the Michigan Farmers Market Association 

(MIFMA), required managers to answer over 50 

questions during hour-long sessions and provided 

financial incentives to participants exceeding 

US$50 per response (MIFMA, 2024). While these 

instruments have yielded valuable insights, their 

manual nature leads to standard survey limitations: 

high costs, recall bias, incomplete records, 

extended timelines, and rapid obsolescence. For 

instance, the 2021 MFMC report was released 

almost three years after the data collection 

(MIFMA, 2024).  

 Previous studies (Kreuter, 2013; Low et al., 

2015) indicate that a significant amount of survey-

collected data, especially factual information, might 

be optimized through the use of existing adminis-

trative records, thereby minimizing redundancy and 

improving accuracy. A case in point is the collec-

tion of data on food assistance program infrastruc-

ture in Michigan farmers markets. MFMC collected 

this data by surveying market managers and relying 

on their recall (MIFMA, 2024). However, a more 

reliable alternative existed: publicly available, com-

pliance-grade records from the Michigan House of 

Representatives (2023). As a verified and complete 

dataset, it guarantees 100% coverage without any 

response rate concerns. Consequently, when fact-

based content (e.g., program participation, funding 

allocations) exists in primary sources, continued 

data collection through surveys constitutes both 

methodological redundancy and resource 

misallocation (Meyer et al., 2015).  

 Recently, the richness of records that are avail-

able has significantly reinforced the value of docu-

ment-based data collection. The breadth of publicly 

accessible data has grown exponentially since the 

early 2000s (Aziz et al., 2024; Meyer et al., 2015). 

This shift has lifted the technological constraints of 

traditional resourse-intensive survey methods. 

Nowadays, farmers markets utilize multiple digital 

platforms for customer engagement (e.g., messaging 

through social media) and operational administra-

tion (e.g., vendor application and agreements, sea-

sonal schedules, bookkeeping DUFB transactions). 

Market rules, vendor agreements, and regulatory 

filings contained operationally critical details, from 

fee structures to product source standards, with 

precision that may exceed the reliability of the tradi-

tional survey responses. These fragmented but rich 

data streams, which were previously too cumber-

some to analyze effectively, can now be efficiently 

parsed and structured using advanced natural 

language processing methods, including MLLMs.  

 Accordingly, this study sought to answer two 

important questions: (1) Can MLLMs systemati-

cally extract comprehensive farmers market data 

from public digital sources with greater efficiency 

and accuracy than traditional surveys? (2) To what 

extent can document-derived data replace tradi-

tional survey content? These questions were inves-

tigated through a Michigan-based case study, which 

used Google Gemini-2.0-Flash in a two-step 

framework to retrieve and structure data from 

2,961 public documents (websites, social media, 

and government records) and approximately 3,000 
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application programming interface (API) calls for 

Michigan farmers markets. This methodology com-

bined iterative prompt engineering with domain-

specific taxonomies to convert unstructured inputs 

into analyzable data. Its effectiveness and coverage 

were assessed against the MFMC and the Michigan 

Farmers Market Directory (MFMD). 

 This study makes four major contributions. 

First, it pioneers a practical framework combining 

MLLMs with domain-specific taxonomies to sys-

tematically harvest structured data from frag-

mented public sources (e.g., social media, regula-

tory documents). The approach provides a 

replicable, cross-disciplinary model for domains 

such as urban planning, public health, and local 

food systems while reducing reliance on manual 

surveys. Second, the framework significantly 

expands the depth and contextual richness of col-

lected farmers market data by capturing variables 

often omitted in traditional surveys, such as market 

stall management and vendor categories. Third, 

while preserving real-time monitoring capabilities, 

this automated method allows for smooth scaling, 

boosting the feasibility of large-scale initiatives 

both geographically (from Michigan to multistate 

and nationwide implementation) and temporally 

(from single-year snapshots to continuous multi-

year analysis). Finally, the study positions MLLMs 

as a strategic addition to regular surveys, not a sub-

stitute. While the MLLMs cannot capture confi-

dential data or subjective insights, they can enhance 

routine survey content, ultimately supporting more 

complete and policy-relevant datasets. 

Literature Review 
The following literature review examines the cur-

rent state of farmers market data collection prac-

tices and the emerging potential of larges language 

models for automated data extraction. The analysis 

also covers established frameworks for evaluating 

model performance and accuracy metrics for 

document-based information extraction. 

Methodologies in Farmers Market 
Data Collections 
Farmers market research has largely relied on the 

same methodological foundation over the past 

three decades, primarily centered on qualitative 

interviews and focus groups and quantitative sur-

veys. This dual approach was established through 

foundational studies conducted in the 1990s and 

early 2000s, including the work of C. Brown 

(2003), Hinrichs (2000), Holloway et al. (2007), and 

Guthrie et al. (2006). Despite survey design and 

research scope having been refined, the field has 

seen limited progress in adopting innovative data 

collection methods. Recent large-scale efforts, such 

as the USDA’s 2019 National Farmers Market 

Managers Survey (USDA, 2020) and the Michigan 

Farmers Market Census (MIFMA, 2024), contin-

ued to rely on traditional approaches to a certain 

degree, namely, mail-in questionnaires, online sur-

veys, phone surveys, etc. In parallel, research in the 

broader agricultural and rural development litera-

ture suggested that factual operational data, often 

gathered through surveys, may be more accurately 

and efficiently obtained through administrative rec-

ords and structured public data sources (e.g., Low 

et al., 2015). 

General Applications of LLMs in 
Automated Data Extraction  
The application of large language models (LLMs) 

for automated data extraction has rapidly advanced 

across various scientific domains. In healthcare, 

LLMs have been employed to extract clinical infor-

mation such as diagnoses and medications from 

unstructured patient notes with high accuracy, out-

performing traditional rule-based systems (Gu et 

al., 2025; Siepmann et al., 2025). In the fields of 

chemistry and materials science, models have been 

used to mine complex properties from research lit-

erature, significantly reducing the need for manual 

data curation (Schilling-Wilhelmi et al., 2025). 

Social science researchers have applied LLMs to 

clean noisy historical records (Schwitter, 2025) and 

analyze crowdsourced geographic data (Huang et 

al., 2025). GPT-3 and similar models were able to 

extract scientific relationships into structured for-

mats like Java Script Object Notation (JSON), as 

shown in materials chemistry by Dagdelen et al. 

(2024). Despite these developments, there is cur-

rently no documented application of LLM-based 

data extraction methods in local food system or 

farmers market research, where traditional surveys 

still dominate data collection practices. 
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LLMs  and MLLMs in Document Analysis: 
Techniques and Performance Benchmarking 
Extracting structured data from documents, includ-

ing text, forms, images, and tables, has historically 

been challenging due to diverse layouts and 

unstructured text. Recent progress in LLMs and 

MLLMs research has provided promising solutions 

by interpreting text alongside its visual layout and 

semantics, mimicking human-like understanding 

(P. Liu et al., 2023). MLLMs have improved this 

capability by directly analyzing scanned documents 

using both textual and visual cues. However, these 

models depend heavily on well-crafted prompts to 

focus on relevant information and deliver accurate 

outputs, particularly for documents with high varia-

bility or novel structures. Research has shown that 

well-designed prompts can achieve reliable results 

without extensive retraining (Bommasani et al., 

2022; T. Brown et al., 2020). Key strategies for 

optimizing prompt performance include specifying 

roles, using chain-of-thought prompting, incorpo-

rating exemplars, and employing synonymous 

terms (T. Brown et al., 2020; Lao et al., 2023; Wu 

et al., 2024; Y. Zhou et al., 2023). Despite their 

strengths, LLMs and MLLMs might not perform 

well when extracting multiple fields or answering 

numerous questions simultaneously from complex 

or semi-structured documents since they often 

struggle with reasoning through a large amount of 

content, especially when handling several types of 

information at the same time. A cutting-edge two-

step approach might be a solution: first, generating 

plain-language interpretations, then converting 

them into structured schemas with a follow-up 

prompt (Wu et al., 2024; Y. Zhou et al., 2023). This 

stepwise method has outperformed single-shot 

extraction, aligned with human analytical processes, 

and been widely adopted in advanced document 

analysis systems (R. Liu et al., 2023). 

 LLMs use prompt-driven reasoning to gener-

ate semantically rich outputs, though these re-

sponses can occasionally exhibit inconsistencies or 

gaps. Recent research has prioritized four core 

evaluation dimensions to measure the models’ per-

formance: accuracy, consistency, completeness, and 

hallucination rates. Accuracy is typically assessed 

using metrics such as Exact-Match, field-level simi-

larity, token-level precision, question-answer cor-

rectness, and manual validation (Kumar, 2024; 

Ouyang et al., 2025; Sushil et al., 2024). Consis-

tency refers to the model’s ability to yield stable 

responses across identical or similar prompts and is 

evaluated using prompt sensitivity, output variance, 

and drift analysis (Greyling, 2024; Joshi, 2025; Lai 

et al., 2025). Techniques such as the “LLM-as-a-

judge” framework also provide scalable solutions 

for benchmarking consistency in large-scale evalua-

tions (Shah, 2024). Completeness assesses the 

model’s ability to extract all relevant information, 

with coverage and recall as common metrics. 

Research has highlighted the role of prompt 

decomposition and stepwise querying, essentially a 

divide-and-conquer approach that breaks complex 

tasks into smaller, more manageable step-by-step 

tasks, in enhancing completeness, especially for 

complex documents (P. Liu et al., 2023; Rasool et 

al., 2024; Zhang et al., 2024). Hallucination, which 

refers to cases when AI systems generate unverifia-

ble or fabricated information, can be detected from 

human verification to automated systems such as 

span/claim detection, retrieval-augmented genera-

tion, and knowledge graph comparison (Elchafei & 

Abu-Elkheir, 2025; Lee & Yu, 2025; S. Liu et al., 

2025; Sansford et al., 2024; S. Zhou et al., 2022). 

These strategies are often integrated into hybrid 

workflows that combine automated checks with 

manual oversight to mitigate fabricated or unsup-

ported outputs (Zhang et al., 2024). Together, 

these studies have established a robust framework 

for evaluating and improving LLM performance in 

document-based information extraction. 

Methodology 
This study used MLLMs to extract information 

related to farmers markets from digital sources. 

The workflow is illustrated in Figure 1.  

 Given the analytical demands posed by 

diverse multimodal content such as websites, 

social media posts, images, lengthy texts, and 

tables like farmers market bylaws, this study chose 

Gemini-2.0-Flash as the core MLLM based on 

three features: minimal hallucinations (Hughes et 

al., 2024), advanced reasoning (Jain, 2025), and 

scalable multimodal document handling (Google 

DeepMind, 2024). 
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Raw Multimodal Data Corpus 
This study aimed to collect publicly available digital 

sources for Michigan farmers markets. All data 

acquisition activities adhered to terms of service 

permissions (e.g., robots.txt files) to ensure ethical 

data reuse (Hacker & Mason, 2003; Powell et al., 

2022). No personally identifiable information was 

collected or stored, even if it was incidentally 

encountered during processing. Examples in this 

article used anonymized references (e.g., market 

name, detailed address) to prevent re-identification 

while preserving analytical value (Zimmer, 2018).  

 This study also did not interact 

with market personnel directly in 

order to comply with human-subject 

research ethics. Table 1 lists Michi-

gan farmers market data sources. In 

addition, published farmers market 

surveys, reports, journal articles, and 

books were reviewed and synthesized 

to serve as knowledge bases for tax-

onomy design and prompt frame-

work development. 

Taxonomy and Prompting 
Framework Development 
This work began by using Gemini-

2.0-Flash to conduct unsupervised 

knowledge extraction from digital 

sources detailed in the Raw Multi-

modal Data Corpus section. The 

major goal was to identify key the-

matic areas (e.g., vendor manage-

ment), entities (e.g., product cate-

gories), and contextual relationships 

(e.g., seasonal product availability). 

The taxonomy development fol-

lowed an iterative, structured pro-

cess. Initial themes and categories 

emerged from raw textual sources 

and farmers market knowledge bases. 

These were then systematically 

reviewed and refined to generate a 

coherent set of structured extraction 

prompts analogous to survey ques-

tions. To validate coverage and accu-

racy, the emerging taxonomy was 

compared against existing survey 

instruments to identify conceptual gaps or incon-

sistencies. New themes were developed to fill the 

gaps detected during this process. Iterative cycles 

refined the taxonomy through repeated revisions 

and testing against the original source documents 

to maintain interpretive accuracy and empirical 

relevance. Revisions continued until a stable, con-

ceptually coherent taxonomy was achieved. This 

finalized taxonomy formed the foundation for 

developing structured prompts for the MLLM to 

extract, interpret, and organize relevant content. 

 One example of this work was the product eli-

Figure 1. Proposed Data Extraction Pipeline 
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gibility issues for vendor management. The data 

extraction process started with unsupervised 

knowledge extraction from the sources and identi-

fied four categories (Table 2), which was a signifi-

cantly different outcome from the MFMC 

(MIFMA, 2024).  

 The MFMC approach employed a purpose-

driven, traditional survey framework comprising 18 

static categories, which integrated product type, 

vendor type, and origin requirements. On the other 

hand, the MLLM method utilized discovery-driven 

data mining to create adaptive categorizations from 

unstructured document content. The process 

began by identifying granular product names (e.g., 

Strawberry) and was then applied to multiple cate-

gories, including product type (Fresh produce), 

vendor role (Direct producer), resale policy (Pro-

ducer only), and origin requirements (within 50 

miles). This method can reach analytical precision 

that the rigid frameworks (e.g., MFMC, in this 

example) might not be able to attain. These catego-

ries allow researchers to examine farmers markets 

from a variety of angles, such as (1) tracking sea-

sonal dynamics through product-type ratios (Michi-

gan markets move from early-season microgreens 

and nonperishables to peak-season vegetables and 

finally to autumn value-added products like apple 

cider), (2) quantifying authenticity threats (should 

farmers markets have fresh produce vendors?), and 

(3) classifying market typologies (flea markets have 

loose regulations and little fresh produce; commu-

nity markets incorporate a variety of vendors with 

moderate produce; true produce markets prioritize 

direct-producer sales). It also enables the analysis 

of how policy enforcement, vendor composition, 

and targeted customer engagement initiatives col-

lectively contribute to sustaining farmers markets’ 

missions: promoting healthy local food, strength-

ening community connections, and supporting 

regional economies (a finding discovered through 

this MLLM analysis). 

 Given the complexity of the taxonomy-derived 

questions, a modular approach was adopted to 

prompt design by breaking schemas into smaller, 

related subschemas (e.g., separating “resale policy” 

from “product origin requirement”) to improve 

output consistency and mitigate hallucinations. 

This methodology grouped questions into thematic 

clusters (e.g., vendor types, space or stall manage-

ment), paired them with tailored instructions (e.g., 

are there rules or policies for competitive pricing or 

product dumping), and guided the model to extract 

specific answers. 

 Similar to the above taxonomy development, 

Table 1. Public Data Sources for Michigan Farmers Markets 

Source Content Data Format 

Farmers market websites Operational details, governance policies, vendor applications, 

annual reports, etc. 

Markdown, PDF, Image, 

Word Document 

Social media Event announcements, community engagement metrics, 

promotional materials 

Markdown, Image 

Local news Market establishment announcements, operational updates Markdown 

Lifestyle magazines, blogs, 

and travel websites 

Curated listings, visitor perspectives, and promotional content 

positioning markets as cultural attractions and community 

highlights 

Markdown 

Government datasets Nutrition program listings and regulatory documents Markdown, PDF, Word 

Document, CSV 

Local websites Events and content related to farmers markets Markdown, PDF, Image, 

Word Document 

Events websites Market schedules, locations, organizer details Markdown 

Additional public records Geographic context (e.g., downtown), demographic data, 

urbanization levels (census tracts), population density, land 

use, zoning, public transportation, restroom availability 

JSON (via API) 
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the design of the prompts involved a systematically 

iterative refinement process with human-in-the- 

loop. The prompts were tested against a sample of 

documents covering diverse scenarios (e.g., reports, 

websites, vendor application forms, social media 

content, digitized survey responses, and market 

photos) and varied formats (pdf, html, docx, txt, 

md, jpeg, png, and others), as well as corner cases, 

such as lengthy texts, and documents with noises 

(e.g., news articles cluttered with ads). During this 

process, prompt engineering practices like chain-

of-thought and few-shot prompting were adopted 

to improve the efficiency. The adjustments started 

with the feedback from an initial model output 

based on the taxonomy. The revised prompts were 

then embedded with these modifications, and the 

process was iterated until the prompts consistently 

performed well across all test cases in terms of 

accuracy and avoiding hallucination. 

Table 2. Product Eligibility Frameworks: MFMC vs. MLLM 

Items MFMC MLLM 

Data Collection  Purpose-Driven Survey Discovery-Driven Data Mining 

Categories of 

Products and 

Vendors  

(1) Michigan farm products, sold by the 

producer or their representative  

(2) Honey  

(3) Cottage foods 

(4) Cut flowers  

(5) Food items not produced on farms  

(6) Plants  

(7) Handmade body care items  

(8) Handmade crafts  

(9) Prepared foods meant for immediate 

consumption  

(10) Food trucks  

(11) Michigan farm products, can be resold  

(12) Wild-harvested and/or foraged foods 

(13) Wine, hard cider, mead  

(14) Non-Michigan farm products  

(15) Non-handmade items, including multilevel 

marketing items  

(16) Topical CBD items  

(17) Pet supplies and treats  

(18) Services (e.g., knife sharpening) 

 

  

Product Category: 

(1) Fresh produce 

(2) Bread and baking goods 

(3) Milk and dairy  

(4) Meat and seafood  

(5) Beverages  

(6) Condiments and sauces  

(7) Food trucks 

(8) Other food products  

(9) Plants and seedlings  

(10) Pet essentials 

(11) Crafts and artisan items  

(12) Services  

(13) Information table  

(14) Entertainment and activities  

(15) Others 

 

Vendor Category: 

(1) Direct producers (Farmers/Growers - Raw 

agricultural products) 

(2) Value-added producers 

(3) Prepared food vendors 

(4) Artisans and crafters 

(5) Nonprofit and community groups 

(6) Entertainment vendors 

(7) Other vendors 

 

Resale Policy by Product Types:  

(1) Producer only: Vendors must grow, raise, 

produce, gather, or create all products 

offered for sale at their booth  

(2) Allow limited reselling and maximum allowed 

[xx] percentage of resold products  

(3) No limitation for reselling 

 

Geographic and Origin Requirements by Product 

Types 

(1) Required radius ([xx] miles) for “locally 

sourced” products  

(2) Limited regions (e.g., Michigan Only, Upper 

Peninsula Only, Adjacent counties or states)  

(3) No geographic sourcing restrictions apply 
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Stepwise Information Extraction 
This study used a two-step structured data extrac-

tion process to improve the accuracy and output 

consistency of farmers market data extraction. 

First, we adopted Gemini-2.0-Flash as the MLLM 

to pinpoint and retrieve relevant plain language 

information from various sources. Prompts 

described in the Taxonomy and Prompting Frame-

work Development section guided this process to 

focus the model on extracting the truly relevant, 

but unstructured, details. Then, the information 

extracted in the first step was combined with a pre-

defined schema and specific prompts to transform 

the unstructured natural language answers into a 

structured JSON dataset that could handle both 

the flat tables in traditional surveys and hierarchical 

structures in data analysis aspects. The following 

example illustrated this process by transforming an 

unstructured social media post into analyzable data, 

using a Facebook post from a Michigan farmers 

market: 

We are thrilled to announce that vendor appli-

cations for the first [market name] are now 

open! The market will be held every other Sat-

urday 9 am - 1 pm starting June 1st running 

through August. Please Like and Share this 

post so that we can reach as many folks as pos-

sible with this news. We are trying to increase 

access to fresh food in the [community name] 

area of our neighborhood and this is a big step 

in the right direction! Location: City High 

School Main Parking Lot, [address]. To apply 

for a vendor spot please complete the applica-

tion here: [application link] 

 This message mixed announcements, opera-

tion details, and promotions in natural language. 

Table 3 illustrates how this two-step method was 

used to process the Facebook post with the 

designed framework. In the first step for contex-

tual information retrieval, the system demonstrated 

its ability to understand the nuances of human lan-

guage by locating pertinent data in plain language. 

 For example, it identified the context of 

phrases like “first [Market Name]” (indicating an 

inaugural year), “every other Saturday 9 am - 1 pm start-

ing June 1st running through August” (an operating 

schedule), and “Location: [school name] High School 

Main Parking Lot, [address]” (a location description 

with detailed address). This step accurately isolated 

contextually significant details embedded in free-

form text and focused on extracting the truly rele-

vant details, whether structured or not. In Step 2, 

the MLLM applied the Taxonomy and Prompting 

Framework Development’s structured prompts to 

organize unstructured data. For example, the 

model inferred that “June 1st running through August, 

2024” corresponded to the date range 2024-06-01 

to 2024-08-24. It interpreted “Every other Saturday” 

as implying a biweekly frequency on Saturday. 

“High School Main Parking Lot” was inferred to rep-

resent a site type as an educational institution. By 

using contextual reasoning, the model distin-

guished explicitly stated facts from implied content. 

Table 3 (Step 2 Output) shows the resulting JSON-

formatted farmers market data, structured for 

seamless integration in statistical analysis and other 

applications. 

Topic Coverage and Completeness Evaluation  
Following USDA (2020), this study defined a farm-

ers market as a venue that includes two or more 

vendors selling agricultural products directly to 

customers at a common, recurrent physical loca-

tion. Because location is integral to this definition, 

markets that relocate seasonally (e.g., moving from 

an outdoor summer site to an indoor winter site) 

were considered separate market locations. To 

check how complete the data are and how well 

they cover topics related to farmers market 

research, this study used datasets from Michigan to 

compare two sources: (1) the MFMD (MIFMA, 

n.d.), a dataset for a consumer-oriented directory 

that was up to date as of May 15, 2025, matching 

our data collection deadline; (2) the MFMC 

(MIFMA, 2024), a management-focused survey 

report for Michigan farmers markets. The MFMD 

dataset contained a completed array of variables 

that permitted a direct and rigorous assessment of 

data availability and completeness against the 

MLLM dataset. However, a direct comparison with 

MFMC was not feasible for two reasons: (1) the 

MFMC report was published as a summary report 

without survey instruments and methodological 

documentation, and (2) the report was organized 
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around thematic areas, which provided an overall 

response rate without itemized response metrics at 

the topic level. Therefore, the comparative analysis 

in this study adopted an “apples-to-apples” 

approach and concentrated on the topics explicitly 

reported within the MFMC. 

Model Performance Evaluation 
The evaluation measured model performance by 

accuracy, output consistency, and hallucination 

rates, based on a variety of data extraction tasks 

typical of farmers market data processing. Each 

task represented a defined information retrieval 

objective where the MLLM was prompted to 

extract a predefined set of data items. This frame-

work included five distinct tasks reflecting com-

mon farmers market data types, testing model per-

formance across modalities and complexities: 

(1) Address Retrieval Task: Assessing basic 

entity extraction.  

(2) Operational Schedule Retrieval Task: 

Evaluating the extraction of structured 

temporal data.  

(3) Food Assistance Programs (FAP) Retrieval 

Task: Testing the identification of specific 

program participation. 

(4) Vendor Fee Structure Retrieval Task: 

Assessing the ability to extract complex, 

often nuanced, financial details. 

Table 3. Example of the Two-Step Data Extraction Procedure 

Data Item Source Text Answers from Step 1 Output from Step 2 

Metadata Facebook, posted in 2024 2024 {"post_year": 2024 } 

Market 

Establish 

Year 

Vendor applications for 

the first [market name] 

are now open 

Market established in 

2024 

{"start_year": 2024, 

"#year": 1  

} 

Operation 

Schedule 

Every other Saturday 9 am 

–1 pm starting June 1st 

running through August. 

frequency: every other 

Saturday; 

 

time: 9 am – 1 pm; 

 

start: June 1st, 2024;  

 

end: August, 2024 

{ 

"start_date": "2024-06-01" 

"end_date": "2024-08-24", 

"operation_month": [6, 7, 8], 

"weekdays": "Saturday", 

"frequency": "bi-weekly", "operation_time": { 

"start": "9:00", 

"end": "13:00" } 
} 

Market Mission Increase access to fresh 

food in the community 

Increase access to fresh food {  

"access_to_local_food": "yes", 

"connect_community": "", 

"boost_local_economy": "", 

"other": "" 

} 

Location City High School Main 

Parking Lot, [address] 

Site: High School Main Parking 

Lot;  

 

Address: 

[address] 

{ 

"site": "education institution", 

"surface": "parking lot", 

"street": "[street name]", 

"city": "[city name]",  

"state": “Michigan", 

"zipcode": "[zipcode] " 

} 

Vendor 

Application 

To apply, complete 

application: [application 

link] 

Vendor application available 

at: [application link] 

{ 

"application_form": "yes" 

} 
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(5) Product from Images 

Task: Specifically 

testing the MLLM’s 

multimodal capability 

to interpret visual 

data in conjunction 

with any accompany-

ing text.  

 Technically, these tasks 

covered a spectrum of chal-

lenges, from straightforward 

directory facts (e.g., street and 

city variables in Address 

Task) to multimodal scenar-

ios requiring visual-textual 

integration (e.g., product 

name in vendor images). This 

spectrum of difficulty helped 

align MLLM outputs and 

human annotations for a con-

sistent and fair comparison. 

To systematically evaluate the 

performance of the proposed 

MLLM-based extraction 

pipeline, the study built a 

validation dataset consisting 

of 100 documents randomly 

selected for each task. 

Human annotators under-

went training to carefully 

review the source documents 

and extract the relevant 

information according to the 

defined schema. The annotated values provided a 

ground truth benchmark used to assess the model’s 

outputs. 

 Figure 2 illustrates the accuracy evaluation 

workflow (one of three performance tests), bench-

marking MLLM-extracted items against human-

annotated ground truth per task, where: 

(1) True Positive (TP): An item correctly 

extracted by the MLLM that semantically 

matches the ground truth (represented by 

a green tick in the conceptual figure). 

(2) False Positive (FP): An item incorrectly 

extracted by the MLLM, or an item 

extracted by the MLLM that is not present 

in the ground truth (represented by a red 

cross). 

(3) False Negative (FN): An item present in 

the ground truth that the MLLM failed to 

retrieve (represented by an empty set 

symbol). 

(4) True Negative (TN): An item correctly not 

retrieved by the MLLM because it is also 

absent from the ground truth.  

 The aggregated counts of TPs, FPs, and FNs 

across the validation dataset were then used to cal-

culate standard metrics Precision, Recall and F-1 

Figure 2. Illustration of Operation Schedule Retrieval Verification 
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score to represent the model’s accuracy perfor-

mance. 

 To gauge MLLM’s reliability, the measurement 

incorporated hallucination rate, calculated as the 

number of fabricated or non-existent items 

retrieved by MLLM divided by the total number of 

items it retrieved across the validation set. In addi-

tion, this study measured output consistency to 

evaluate the model’s stability by executing each 

extraction task on the validation documents 10 

times using identical prompt settings. The con-

sistency score for each task was measured by com-

paring the similarity of outputs across these 10 

runs, and an overall consistency score was then 

derived by averaging these measurements across all 

validation cases.  

Results 
The data collection and extraction process pro-

duced comprehensive results across the three pri-

mary analysis focus. The following findings cover 

the scope of available digital source, performance 

benchmarking against established directories, and 

model performance metrics. 

Raw Multimodal Data Corpus 
Data acquisition spanned six weeks, followed by 

two additional weeks to complete the extraction 

process. As of May 15, 2025, the sources included 

424 verified operational farmers market locations 

representing 348 distinct market organizers. This 

total has included 49 market locations active in 

2024 and 375 confirmed for the 2025 season. This 

study compiled 2,961 documents from public 

sources (Table 4) and about 3,000 API calls, cap-

turing fragmented digital presences across multiple 

documents per market. Newly established markets 

frequently lack centralized digital footprints (e.g., 

official websites or farmers market directories) and 

often rely on decentralized sources like local news 

articles or community social media posts. Specifi-

cally, we obtained 210 rules and regulations docu-

ments from publicly accessi-

ble market websites, repre-

senting a total of 248 market 

organizations and 320 market 

locations. Additionally, nine 

markets were identified as 

having such documents that 

were not available online but 

could be acquired through 

direct requests to market 

organizers. This indicates the 

potential to expand the data-

set further through outreach 

efforts and appropriate data-

sharing agreements. 

Topic Coverage and 
Completeness Evaluation  
In this study, the topic cov-

erage was defined as the 

percentage indicating the 

proportion of MFMD and 

MFMC topics within each 

category that the MLLM 

dataset successfully captured. 

Table 5 compares the data 

coverage of the MLLM-

Table 4. Publicly Available Digital Sources for Michigan Farmers Markets 

Source Data Format Number of documents 

Farmers market website md, pdf, image, docx 830* 

Social media channels md, image, pdf 1,560  

Local news md 127 

Lifestyle sources md 145 

Government datasets md, pdf, txt, docx, table 8 

Local community websites md, pdf, images, txt, docx 90 

Events websites md 201 

Other public records JSON by API Calls 2,998 

* Including 210 rules, regulations, and/or application documents 

Table 5. Comparison of MLLM Results with Michigan Farmers Market 

Directory 

Topics MFMD MLLM 

Address 100% 100% 

Operation Schedule  100% 100% 

Marketing Channels  100%  95% 

Food Assistance Programs (FAP) 57%  55% 

Manager Name 100% N/A 

MIMFA Trained Manager 25%  N/A 

Total Number of Records 348 310 
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driven dataset, collected in 2024 and 2025, with the 

MFMD (MIFMA, n.d.). A key methodological 

divergence on seasonal markets was processed 

before a direct comparison. The MFMD aggregates 

seasonal locations under a single market entity per 

organizer, whereas our initial extraction recorded 

them as separate locations. The MLLM data was 

recoded to adopt the MFMD’s convention, defin-

ing a “market” as an organizational entity rather 

than a physical location. Under this aligned frame-

work, the MLLM-based dataset identified 348 mar-

kets from public digital sources, compared to the 

310 markets listed in the Michigan Directory. 

 Of the total records, 298 farmers markets were 

found in both the MLLM dataset and the MFMD. 

The MLLM dataset excluded certain markets listed 

in the MFMD based on evidence from public 

sources that they were inactive (e.g., closed for 

construction) or permanently closed as of 2025. In 

contrast, the MFMD does not include several 

newly established markets (2024 and 2025) that 

were identified by the MLLM model. The MFMD 

appeared to include some farm stands that were 

outside the MLLM’s farmers market inclusive crite-

ria that at least two vendors are required in order to 

be considered a market. Both datasets provided full 

coverage (100%) for essential operational details 

like market address and schedule. Marketing chan-

nel inclusion was high (100% in the MFMD, 95% 

in MLLM), and coverage of food assistance pro-

grams was similar across sources (57% MFMD, 

55% MLLM). In total, MLLM covered 4 out of the 

6 variables (67%) in MFMD. Moreover, the 

MFMD uniquely captured administrative details 

less relevant to consumers: market manager names 

(100% coverage) and MIFMA-trained manager 

(25% coverage). This information was not col-

lected in the MLLM dataset due to privacy consid-

erations and limited public availability.  

 Table 6 compares MFMC and MLLM topic 

coverage. MFMC reported 176 market responses 

without topic-specific rates (MIFMA, 2024), while 

Table 6. Topic Coverage Comparison of MFMC and MLLM 

Topics MFMC-Reported Items #MFMC #MLLM 

Operation schedule Operation Month, Weekdays 2 2 

Location Location Identification, Property Ownership, Indoor/Outdoor, Site Type 

(e.g., parking lots), Amenities, Customer Transportation Mode 

6 5 

Vendors Vendor Count, Vendor Origin 2 2 

Products Products by categories, Cottages Foods by categories 2 2 

Payments Food Assistance Programs (FAP) counts, FAP transaction details, FAP 

infrastructures, and other accepted payments 

4 3 

Market organizer Market Organization 1 1 

Market manager Responsibility, Pay, and Demographics 3 2 

Volunteers Has Volunteers, Total Volunteer Hours 2 1 

Community issues Community Activities and Engagement 1 1 

Sponsor Sponsors, How Sponsor Support Market 2 1 

Labor force at markets Employee Structure, Compensation, Demographics 3 0 

Licensing and insurance Licensing and Insurance 1 1 

Budget and spending Overall Budget, Budget Breakdowns, Total Revenue, Revenue 

Breakdowns 

4 2 

Training Food Safety Training, MIFMA Certified Manager 2 1 

Market evaluation Visitor Counts, Vendor Matrix 2 0 

Business Incubators Market as Business Incubators 1 0 

Longevity Market Operation Years 1 1 

Mission/Vision Market Missions 1 1 

Special topics COVID, MIFMA leadership 2 0 

Total   42 26 
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MLLM covered 348 markets with partial details. 

Among these, 210 markets included rules and regu-

lations addressing detailed management topics, 

such as market organizers, managers, licensing and 

insurance, mission, vision, etc. 

 The table shows that the MLLM dataset cap-

tured 15 out of 19 topics (79%) and 26 out of 42 

items (62%) from the MFMC. It reached 100% 

coverage on factual and operational topics, includ-

ing operation schedules, locations, site characteris-

tics, market size, vendors, products, season length, 

and mission statements. These topics were likely 

well-represented in publicly available digital 

sources. Partial coverage items included market 

governance (80%), market manager responsibilities 

(50%), volunteers (30%), community support 

(50%), vendor management (50%), food assistance 

programs (30%), budget and spending (5%), em-

ployment and compensation (10%), and market 

evaluation practices (5%), where data were often 

non-public. Demographics and time-sensitive spe-

cial topics (e.g., COVID-19 issues) had no cover-

age, as MLLMs excluded personally identifiable 

information, even when such data might have been 

available in images on websites or social media, due 

to privacy constraints. By combining MFMD and 

MFMC, MLLM achieved 76% coverage (19/25 

topics). 

Model Performance Evaluation 
Table 7 presents the MLLM’s task-specific perfor-

mance across five extraction tasks from farmers 

market datasets, evaluated using flexible semantic 

matching criteria. 

 The model demonstrated near-perfect perfor-

mance on structured, text-based tasks, specifically 

on operational schedules (F1 = 0.998), FAP identi-

fication (F1 = 0.981), and vendor fee structures (F1 

= 0.974). Standardized, explicitly stated formats of 

these items led to high scores by minimizing ambi-

guity and enabling the model to achieve high preci-

sion with zero hallucination. In contrast, product 

retrieval from images (F1 = 0.962) showed slightly 

diminished precision (0.944) and a small hallucina-

tion rate (1.9%), indicating the inherent challenges 

of interpreting visual content. The model per-

formed reliably for prominent, centered items in an 

image but struggled with obscure, low-resolution, 

or peripheral elements, sometimes mislabeling or 

hallucinating objects. Address retrieval, while 

reaching a perfect recall, recorded the lowest preci-

sion (0.878). The decrease was largely due to incon-

sistent formatting and implicit contextual depend-

encies. Informal location descriptions (e.g., 

“Tractor Supply’s parking lot”) often omitted 

essential components such as street numbers or 

ZIP codes, while local shorthand in documents 

(e.g., “next to the County Courthouse”) introduced 

ambiguity. As a result, the model’s attempts to 

parse these informal descriptions sometimes led to 

false-positive (FP) records, which reduced the 

overall precision despite the impeccable identifica-

tion of relevant descriptive phrases (perfect recall). 

In sum, these results validated the MLLM’s capa-

bility to accurately extract structured information 

from both textual and visual farmers market 

sources. These consistently high-performing met-

rics across all tasks confirmed that this approach is 

a feasible solution for alleviating manual data entry 

burdens and achieving more comprehensive data 

collection. Meanwhile, challenges in clarifying com-

plex addresses and subtle visual details also posed 

Table 7. LLM Performance Metrics for Five Extraction Tasks 

Tasks Precision 

Extraction  

Recall 

Extraction  

F1-Score 

Output 

Consistency 

Hallucination  

Rate 

Address Retrieval 0.878 1.000 0.935 0.995 0.000 

Operational Schedule Retrieval  0.996 1.000 0.998 0.989 0.000 

Food Assistance Programs (FAP) 

Retrieval  

1.000 0.963 0.981 1.000 0.000 

Vendor’s Fee Structure Retrieval  1.000 0.950 0.974 0.963 0.000 

Products Retrieval from images 0.944 0.981 0.962 0.929 0.019 
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an opportunity for the model’s continued refine-

ment. 

Discussion, Limitations and Future Work 
The application of MLLMS to farmers market doc-

uments analysis reveals both promising results and 

important consideration for effective utilizations. 

The following section addresses model’s perfor-

mance characteristics, the complementary relation-

ship between automated extraction and traditional 

surveys, and the implication for broader research 

adoptions of the framework.  

Performance of MLLM Method 
This study introduced the first systematic applica-

tion of MLLMs to automate farmers market data 

extraction from open online sources. The model 

achieved near-perfect retrieval performance on 

critical variables (e.g., operating schedules), con-

firming its reliability for structured text and image 

data extraction. This study used Google’s Gemini-

2.0-Flash as the MLLM due to its robust perfor-

mance in analyzing both long-form text and visual 

data while maintaining low hallucination rates 

(Hughes et al., 2024). A key limitation of Gemini-

2.0-Flash, like many proprietary models, is its lack 

of transparency in architecture and training data. 

To mitigate this, we adopted an iterative prompt 

engineering strategy to tailor the prompts to fit the 

farmers market data collection. Looking ahead, we 

plan to enhance the model’s capabilities by (1) in-

corporating farmers market regulatory documents 

and expert-reviewed annotations to improve inter-

pretation accuracy, and (2) combining Gemini-2.0-

Flash with fine-tuned open-source multimodal 

frameworks, such as Llama (Meta, 2023), to build 

hybrid systems that prioritize transparency, adapta-

bility, and enhanced multimodal capabilities. 

Leveraging MLLMs to Enhance, 
Not Replace, Traditional Surveys 
This study demonstrated the efficient extraction of 

data from public digital sources with unstructured 

traces. Based on comparison with the MFMD and 

MFMC, the MLLM framework successfully cov-

ered 76% of directory and survey contents, sug-

gesting that it can take over a large share of routine 

data collection in farmers market surveys, such as 

MFMC. This study deliberately focused only on 

freely available sources in order to explore the util-

ity boundaries of such data and illustrate what 

could be achieved using automated tools without 

relying on market manager surveys. This choice 

also echoed the existing research that has shown 

administrative records and digital sources often 

report operational details more consistently than 

self-reported survey data (Kreuter, 2013; Low et al., 

2015) as well as prior calls to avoid redundant data 

collection while still maintaining rigor in commu-

nity-based research (Meyer et al., 2015).  

 The comparison of the MLLMs framework 

with MFMD and MFMC confirmed that this 

method was not capable of collecting everything: 

MLLMs cannot access data that is private, subjec-

tive, or requires direct input from humans, such as 

manager opinions and employee compensation. 

Therefore, MLLMs cannot fully replace traditional 

surveys. However, this study showed that an 

MLLM approach can significantly augment and 

support the survey method. In addition to replicat-

ing the MFMD and MFMC survey content, this 

method was able to collect more detailed and 

expansive information that traditional surveys 

often do not capture. For example, in the “Loca-

tion” category, it extracted market sites’ walkability 

scores, urbanicity, demographic profiles, and zon-

ing codes, offering a deeper view into the physical 

and social context of each market. Furthermore, 

MLLMs surfaced new themes not covered by exist-

ing surveys, including market governance practices 

and operational rules embedded in the markets’ 

rules and regulations documents. These capabilities 

demonstrated how MLLMs can complement tradi-

tional survey methods by filling gaps in data collec-

tion and expanding the overall understanding of 

farmers market environments. 

 Future research should establish direct partner-

ships with farmers markets to streamline data col-

lection. Rather than burdening managers with 

lengthy surveys for already publicly available facts, 

this approach would (1) request existing docu-

ments for objective data and (2) limit surveys to 

solely subjective or private questions. Under 

proper data-sharing agreements, such collabora-

tions could provide privileged access to granular 

records, such as financials, transaction logs, cus-



Journal of Agriculture, Food Systems, and Community Development 

ISSN: 2152-0801 online 

https://foodsystemsjournal.org 

Volume 14, Issue 4 / Fall 2025 151 

tomer traffic analytics, and FAP data, and signifi-

cantly enhance coverage beyond public sources 

alone. 

Toward Scalable, Sustainable, and 
Structured Farmers Market Data 
Collection Across Time and Geography 
This framework attained significant scalability by 

automatically harvesting and organizing decentral-

ized factual data (e.g., operating schedules), offer-

ing three main advantages: (1) significant cost effi-

ciency, with data extraction costing less than US$1 

per market (API processing of less than 20K 

tokens at US$1.24/million tokens per market) 

compared to MFMC’s minimum disclosed 

expenditure of US$50 (MIFMA, 2024); (2) immedi-

ate nationwide implementation, using standardized 

data extraction protocol and requiring no redevel-

opment across states or regions for consistent pub-

lic data extraction; and (3) sustainable longitudinal 

tracking, where annual updates only require mini-

mal marginal costs after the initial setup. This post-

deployment cost structure, which solely includes 

document corpus and MLLM processing, makes 

longitudinal market surveillance economically via-

ble, where traditional surveys remain highly 

resource-intensive. 

Taxonomy-Driven Framework: A Paradigm 
for Transferable Research 
In contrast to traditional surveys that flatten com-

plex realities into tables, this study created a taxon-

omy-driven, two-step framework that demon-

strated the potential of aligning unstructured data 

with structured schemas, enabling intuitive, 

human-like representations of information and 

relationships (such as fee structures) that mirrored 

the real-world relationships with maximum granu-

larity. The method also drew attention to the prac-

tical utility of adopting AI: using this two-step 

framework, researchers (domain experts) can prior-

itize specialized knowledge over technical complex-

ities. By minimizing the need for technology-

intensive tasks, such as custom AI architecture, this 

framework allowed experts to iteratively refine out-

puts through prompt engineering while focusing 

on high-impact work: designing domain-specific 

schemas, optimizing data relationship representa-

tions, and leveraging extracted data for their re-

search goals by eliminating barriers requiring deep 

technical skills in low-level engineering. In addi-

tion, this method’s modular design could support 

cross-disciplinary transferability for researchers in 

other domains. By blending practical knowledge 

with scalable AI tools, this method could help 

researchers move beyond traditional survey con-

straints to generate equitable, adaptable findings. 

Conclusion  
This study pioneered the application of MLLMs to 

automate farmers market data extraction from pub-

lic digital sources and provided a scalable and cost-

effective data harvesting solution. By adopting 

Google Gemini-2.0-Flash with a two-step frame-

work, the method systematically extracted Michi-

gan farmers market data from various public 

sources. Compared to the MFMC and MFMD, this 

technique achieved an average accuracy of 98% on 

key variables and 76% on topic coverage. While 

MFMC’s survey methodology cost a minimum 

US$50 per market in disclosed incentive costs, our 

AI-driven method extracted all data for less than 

US$1 per market after the initial setup, supported 

real-time updates, and had near-zero hallucination 

rates (0% for schedule extraction and 1% for 

image-based product identification). Though lim-

ited to publicly available data, the methodology 

could augment traditional surveys by automating 

the extraction of factual data from public records. 

The findings of this study provide a practical 

framework for local food system research, combin-

ing AI-processed public records and surveys to 

broaden access to timely, granular information for 

resilient and equitable food systems.  
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