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Workplace meal choices shape dietary behavior and health 
outcomes, while individuals increasingly generate health-related 
data through wearables. Although both domains relate to the 
same meal event, they remain digitally separate because they 
operate under different governance conditions and data 
sensitivities. This creates a coordination problem: individuals lack 
structured access to organizational meal information, while meal-
service providers should not access raw personal health data. This 
paper develops a coordination model for cross-domain 
interaction between the personal and organizational domains. 
Drawing on coordination theory, the model specifies how locally 
computed personal indicators and organizational meal-related 
information can interact within a governing coordination 
infrastructure centered on the meal event as the unit of 
coordination. A prototype instantiation illustrates the design 
through bounded coordination artifacts and tool-mediated 
interaction. An initial controlled benchmark indicates the 
technical feasibility of the approach, while questions of real-world 
adoption and organizational impact remain for future research. 
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1 Introduction 
 
Cardiovascular disease, diabetes and related metabolic risk make everyday food 
choices increasingly relevant for prevention and self-management. In occupational 
settings, canteens shape these choices because they determine which meals are 
offered and how dishes are composed (Friedman & Mozaffarian, 2016). Reviews of 
workplace cafeteria interventions show that changes in the food environment can 
influence dietary behavior and health-related outcomes (Naicker et al., 2021). 
Nutrition research further shows that meal composition and preparation matter for 
postprandial glycemic response. Carbohydrate amount, fiber, protein, fat and 
cooking can all change how a meal affects glucose after eating (Murillo et al., 2022; 
Pasmans et al., 2022). At the same time, nutrition-related data are generated on the 
personal side. Individuals use meal logs and wearable devices to observe related 
health outcomes (George et al., 2023). This also includes continuous glucose 
monitoring, especially in the context of prediabetes, gestational diabetes and type 2 
diabetes. Research on personalized nutrition has shown that people can react very 
differently to the same meal and that glucose meal responses can support 
individualized dietary guidance (Zeevi et al., 2015). Although both domains are 
relevant to the same meal event, they rarely interact digitally. Privacy regulation, data-
management challenges and the sensitivity of health-related information constrain 
direct sharing of personal insights in organizational settings (Donovan et al., 2025). 
Individuals usually do not have digital access to recipe, portion or preparation data 
from the canteen, while food-service actors cannot and should not interpret raw 
personal health data (Pateraki et al., 2020; Salehzadeh Niksirat et al., 2024; Virgillito 
et al., 2025). This creates a coordination problem between two domains that each 
hold only part of the relevant knowledge (Caccamo et al., 2023). In this context, 
coordination theory provides a useful lens because the challenge is the management 
of dependencies among activities distributed across multiple actors (Malone & 
Crowston, 1994). In multi-agent settings, these dependencies are shaped also by 
infrastructures that mediate and govern the interaction space (Omicini et al., 2004; 
Rodriguez-Aguilar et al., 2015).  
 
Developments in edge AI, as well as LLM-based tool selection, make it feasible to 
process sensitive indicators locally and connect them to organizational services 
through bounded interfaces (Krishnan, 2025; Piccialli et al., 2025; Singh & Gill, 2023; 
Zhao et al., 2026). Prior coordination-infrastructure research has advanced the 
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structuring of interaction, but it still identifies agent decision support and 
decentralized coordination design as open challenges (Rodriguez-Aguilar et al., 
2015). Related governance research likewise calls for further study of data 
governance across multi-actor settings, particularly where personal data are involved 
(Paparova et al., 2023). In occupational nutrition, this gap is particularly salient 
because personal health-related indicators and organizational meal-service data are 
jointly relevant to the same meal event but remain separated by different governance 
regimes and data sensitivities (Donovan et al., 2025). What is missing is a governed 
coordination model for interaction between personal and organizational domains 
around shared meal-related and health-related indicators. This paper addresses that 
gap by developing the Agentic Cross-Domain Coordination Model (ACCM). Its 
technical feasibility is examined through a prototype instantiation of selected 
components and evaluated with bounded LLM-based tool calls via a natural-
language interface. 
 
RQ: How can a model be conceptualized for cross-domain coordination between 
the personal health domain and the organizational domain in occupational nutrition 
settings? 
 
2 Literature Review 
 
2.1 Coordination Infrastructure 
 
“How will the widespread use of information technology change the ways people 
work together?” (Malone & Crowston, 1994). This question motivates Malone and 
Crowston’s research. They argue that the most significant effect of information 
technology is its ability to make coordination between individuals and groups both 
cheaper and more effective. As coordination costs decline, organizations can move 
beyond traditional hierarchies and adopt more flexible structures. In this way, 
information technology reshapes the fundamental ways work is organized within 
and across organizations. This study adopts Malone and Crowston’s definition of 
coordination as “managing dependencies between activities” (Malone & Crowston, 
1994). In Computer-Supported Cooperative Work (CSCW), this concept is extended 
through the incorporation of models of coordinative practices into computational 
artifacts that support actors in dealing with contingencies in cooperative work (Ciolfi 
et al., 2023). In the multi-agent system (MAS) literature, this becomes a matter of 
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governing the interaction space through coordination infrastructures. In MAS, the 
environment is conceived as an explicit part of the system, with the dual role of 
providing the surrounding conditions for agents to exist and an exploitable design 
abstraction for building applications (Weyns et al., 2006). Artifact-oriented 
approaches in MAS distinguish between agents and coordination artifacts or media. 
Agents exploit coordination artifacts at the coordination stage, while coordination 
media first enable interactions among agents and then mediate them in a more 
automated manner. In this sense, coordination artifacts externalize coordination 
knowledge into the interaction environment or infrastructure. This corresponds to 
the distinction between subjective and objective coordination: subjective 
coordination concerns the reasoning processes of agents, whereas objective 
coordination is enacted through coordination media that embed and enforce social 
laws and interaction constraints (Omicini et al., 2004). Agent Coordination Contexts 
(ACCs) refine this further by defining the controlled layer through which an agent 
can interact with its environment, making coordination and security constraints 
explicit at the agent-environment boundary (Ricci et al., 2006). This study therefore 
uses coordination theory as a lens to examine how meal-related dependencies are 
mediated across domains. 
 
2.2 Large Language Models and Agentic AI 
 
In cross-domain settings, another challenge is that users and services operate with 
different interpretive contexts. NLP-based interfaces can reduce knowledge barriers 
between users and information systems by enabling access through natural language 
(Sawant & Sonawane, 2024). LLMs extend this by offering more flexible natural-
language understanding and by supporting semantic interoperability tasks such as 
schema alignment and knowledge integration across heterogeneous domains (Abu-
Salih et al., 2025; Zhou et al., 2025). However, these capabilities do not remove 
governance concerns. Instead, they increase the need for secure and governed 
interaction (Abu-Salih et al., 2025). Agentic AI adds a capability beyond language 
understanding. AI agents can be categorized by their autonomy, capabilities and 
underlying technologies (Krishnan, 2025). Traditional agents include rule-based 
systems and agents using machine learning or reinforcement learning for adaptive 
decision-making (Xi et al., 2025). More advanced forms leverage LLMs, enabling 
complex reasoning, tool integration and diverse tasks such as scheduling and data 
summarization (Sapkota et al., 2026). Recent developments introduce Agentic AI, 
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referring to highly autonomous agents capable of dynamic task decomposition and 
multi-agent coordination, suited for complex domains such as medical decision 
support (Murugesan, 2025). Emerging standards such as the Model Context 
Protocol (MCP) enable advanced agents to interact and access external tools in 
multi-agent systems (Li & Xie, 2025). Their integration also raises challenges, 
including semantic interoperability and the need for robust governance (Huang & 
Hughes, 2025). Overall, MCP forms foundational infrastructure for collaborative 
multi-agent applications (Liao et al., 2025).  
 
2.3 Interoperability & Data Spaces 
 
In Europe, the International Data Spaces (IDS) and Gaia-X promote federated data 
ecosystems where organizations exchange data under common standards and 
sovereignty assurances (von Scherenberg et al., 2024). These frameworks emphasize 
legal agreements, identity management and trusted execution environments but 
focus mainly on B2B interoperability rather than individuals as distinct stakeholders 
(Scheider et al., 2023). In parallel, personal information management systems (PIMS) 
have emerged, exemplified by Solid pods and the MyData movement, which give 
individuals control over storage and selective sharing (Janssen & Singh, 2022). 
Despite progress in inter-organizational data spaces and PIMS, most frameworks 
privilege one over the other. This gap calls for a cross-domain interaction that 
bridges user-centric control with organization-level interoperability (Delacroix & 
Lawrence, 2019). 
 
2.4 Synthesis 
 
In the present problem space, a single meal event spans two domains that remain 
institutionally and technically separated. The core challenge is therefore one of 
coordination across distributed actors, data sources and governance regimes. 
Coordination theory defines this challenge as the management of dependencies 
between activities, while CSCW and MAS show that such dependencies can be 
managed through computational artifacts and governed interaction infrastructures. 
However, these perspectives do not address the semantic and knowledge barriers 
that arise when users, services and data sources operate with different vocabularies 
and structures across domains. Here, NLP-based interfaces and LLMs add an 
important capability by enabling semantic mediation and the translation of user 
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intent into structured requests across heterogeneous systems. Agentic AI adds the 
possibility of actors that can interpret intent and act across services, but data space 
and governance research make clear that such action must remain bounded by 
sovereignty and policy requirements. Taken together, these perspectives suggest that 
the design problem is to create a governed coordination model that links personal 
and organizational domains through controlled layers. The synthesis informs the 
formulation of four design requirements concerning local resource control, 
governed cross-domain interaction, bounded exchange and boundary-specific 
admissibility. Table 1 summarizes these requirements and their realization in ACCM. 

 
Table 1: Literature-derived requirements and their realization in ACCM 

 
Requirement Literature ACCM 

R1 Local control of 
domain resources 

PIMS / MyData; data 
governance 

Personal and organizational resources 
remain local; domain-specific tools 
compute outputs locally 

R2 Governed cross-
domain interaction 

Coordination-infrastructure 
theory 

A Governing Coordination Infrastructure 
organizes objective coordination and 
exchange conditions 

R3 Bounded and selective 
exchange 

Coordination-infrastructure 
theory; governance literature 

Cross-domain interaction occurs through 
bounded coordination artifacts  

R4 Boundary-specific 
admissibility control ACC theory 

Agent Coordination Contexts define 
admissible actions and perceptions at the 
domain boundary 

 
3 Methodology 
 

 
 

Figure 1: Three Cycle View adapted from  
Source: (Hevner, 2007) 
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This study adopts design science research (DSR) to develop and evaluate an artifact 
for governed cross-domain interaction in occupational nutrition settings (Hevner, 
2007). 
 

Table 2: Illustrative indicators, organizational uses and tools 
 

Domain Measure Use & Literature Related Tools 

O
rganization 

Carb & portion 
size 

Portion and starch adjustment 
 (Vlachos et al., 2020) 

find_menu_items (T5) 
get_dish_carbohydrates (T4) 
find_lowest_carb_dish (T2) 

Fiber, Fat, 
Protein 

Increase fiber-rich components, higher-
protein meals, and adjust recipe 
composition (Kim et al., 2019) 

find_menu_items (T6) 

Preparation Change processing, cooking, or food 
order (Cesbron-Lavau et al., 2021) get_dish_preparation_info (T7) 

Personal  

Pre-meal 
baseline 

Interpret Glucose starting state 
 (Ehlert et al., 2026) 

get_premeal_baseline_glucose 
(T8) 

Rise to peak Glucose excursion magnitude 
 (Ehlert et al., 2026) find_highest_postmeal_peak (T1) 

2-h iAUC Glucose total exposure 
 (Ehlert et al., 2026) get_postmeal_indicator_bundle 

Time to peak Glucose response speed 
 (Ehlert et al., 2026) 

get_postmeal_indicator_bundle 
(T3) 

 
Following Hevner’s three-cycle view, the study combines relevance, rigor and design 
activities as show in Figure 1. The relevance cycle is grounded in the challenge of 
linking personal nutrition-related data with organizational meal-service data while 
preserving privacy. The rigor cycle draws on the theoretical synthesis from which 
the design requirements for ACCM were derived and is shown in Table 1. In the 
design cycle an initial ACCM model was derived from the requirements, 
implemented through a prototype instantiation of selected components and refined 
based on the prototype findings. The prototype was developed with real-world data 
collected during the study intervention by meala (meala GmbH, 2025), a food-
tracking diary app that integrates glucose data from FreeStyle Libre and Dexcom 
and connects to Apple Health and Health Connect for contextual data such as 
activity and sleep. It contained more than 30,000 glucose values and 955 tracked 
meals from a company canteen and private settings. The study further used the menu 
data from a company canteen in Berlin, Germany, including 687 menus with 
nutritional information and portion sizes collected between August and November 
2024. In total, 10 users aged 25 to 55 participated. Seven pursued healthier eating, 
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two aimed at performance improvement and one had no specific goal. To instantiate 
ACCM, a prototype was implemented with FastMCP (Fastmcp, 2026). It 
operationalized selected elements of the coordination model and exposed a 
restricted set of indicator tools derived from the Glucose360 platform (Ehlert et al., 
2026) and glucose-related nutrition studies listed in Table 2. 
 

Table 3: Benchmark queries and expected tools  
 

ID User query Tool Arguments 

Q1 What was my highest post-meal peak between 2024-08-
12 and 2024-08-18? T1 date_range_start=2024-08-12, 

date_range_end=2024-08-18 

Q2 What is the dish with the lowest carbs in all available 
menu data? T2 none 

Q3 For meal event ME1, how did I react? T3 meal_event_id=ME1 

Q4 For meal event ME1, what was the time to peak in the 
first 120 minutes? T3 meal_event_id=ME1 

Q5 For meal event ME1, what is the 2-hour incremental 
AUC (iAUC 0–120)? T3 meal_event_id=ME1 

Q6 How did I react to meal event ME1? T3 meal_event_id=ME1 
Q7 What is the rise to peak for meal id ME1? T3 meal_event_id=ME1 

ME1 – meal id from food diary 

 
The prototype provided a technical instantiation of ACCM to examine the feasibility 
of governed LLM-based tool selection and local calculated indicators. Evaluation 
was conducted as a feasibility-oriented ex post assessment using a benchmark of 
prompt-expectation test cases. For each test case, labels were defined manually 
before execution by specifying the expected tool call and the expected arguments as 
shown in Table 3. The benchmark queries were executed three times per mode using 
the same tool descriptions and instruction setup across models. The evaluated 
models were qwen3.5:0.8b, granite4:latest, llama3.1:8b and gpt-4o. They were 
selected to compare smaller models suitable for edge AI settings with a closed cloud-
based model. The local open models were run via Ollama on an Apple M1 Pro and 
32 GB RAM, while GPT-4o was accessed via API. The evaluation examined tool-
selection accuracy, parameter correctness, false positives, false negatives, overcall 
behavior and latency. Tool-selection accuracy measured whether the labeled tool was 
selected. False positives captured incorrect or unnecessary tool calls, whereas false 
negatives captured missed required tool calls. Overcall behavior referred specifically 
to cases in which a model invoked more tool use than required. Latency was 
recorded descriptively as end-to-end response time and is interpreted cautiously 
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because execution environments differed across models. This evaluation was used 
to assess the technical plausibility of the prototype and to derive implications for the 
design of the governed layer. 
 
4 Model 
 
Figure 2 specifies ACCM as a federated coordination model for workplace meal 
events. The model draws on coordination theory by treating cross-domain 
interaction as the management of dependencies between two operationally separate 
domains: a personal health domain and an organizational meal-service domain. In 
line with coordination-infrastructure theory, ACCM separates subjective 
coordination from objective coordination, which is organized through a shared 
governing infrastructure. Each domain contains local resources, local tools, local 
agents and user-facing applications or services. In the personal domain, resources 
consist of employee-held health-related data, while tools derive bounded indicators 
from these data for local use. In the organizational domain, resources consist of 
meal-service and nutrition-related data, while tools process menu, recipe and 
ingredient information. In both domains, agents coordinate locally over these 
resources and tools. Raw domain data are therefore not exposed to the other side as 
part of the coordination arrangement. Cross-domain interaction is mediated through 
Agent Coordination Contexts (ACCs) positioned at the boundary between each 
domain and the shared infrastructure. The ACC defines the admissible actions and 
perceptions available to a given agent at the boundary between its domain and the 
governing coordination infrastructure. It preserves the distinction between local 
agent autonomy and infrastructural governance: the agent remains responsible for 
local interpretation and action selection, while the infrastructure regulates the terms 
under which cross-domain interaction becomes possible. The central coordination 
device in ACCM is the meal event. The model represents it through bounded 
coordination artifacts within the governing infrastructure. These artifacts link 
organizational descriptions of meals with locally computed personal indicators 
related to the same event. In this way, the meal event becomes the shared 
coordination object without requiring either domain to relinquish control over its 
underlying resources. Cross-domain exchange is limited to bounded, decision-
relevant outputs produced locally and made available under infrastructural 
conditions. The participating domains remain distinct, maintain their own resources 
and interact through a governed coordination infrastructure. ACCM therefore 
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specifies a form of selective interoperability in which cross-domain coordination is 
achieved through bounded coordination artifacts, governed exchange conditions, 
and boundary admissibility controls. 
 

 
 

Figure 2: Conceptual Agentic Cross-Domain Coordination Model 
Source: Own 

 
5 Results  
 
The prototype was used to generate 21 evaluations per model (7 cases, each repeated 
three times), gpt-4o achieved 100.0% true positives and the lowest mean latency 
(1,970 ms). Among the open models, granite4:latest obtained the highest 
performance (61.9% TP), followed by llama3.1:8b (52.4% TP) and qwen3.5:0.8b 
(38.1% TP). The complete results are shown in Table 4. At the case level, the cases 
listed in Table 3 showed different levels of performance across the open models. Q1 
(“What was my highest post-meal peak between 2024-08-12 and 2024-08-18?”) and 
Q5 (“For meal event ME1, what is the 2-hour incremental AUC?”) each recorded 
7/9 correct runs, while Q2 (“What is the dish with the lowest carbs in all available 
menu data?”) recorded 6/9 correct runs. The date-bounded case Q1 achieved a 
100.0% date-pass rate across all models. Q4 (“For meal event ME1, what was the 
time to peak in the first 120 minutes?”) recorded 5/9 correct runs. Performance was 
lower for the semantically similar reaction queries in Q3 (“For meal event ME1, how 
did I react?”), recorded 3/9 and Q6 (“How did I react to meal event ME1?”), 
recorded 2/9 correct runs. The same results for Q7 (“What is the rise to peak for 
meal id ME1?”). 
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Table 2: Tool-invocation benchmark across models 

Model TP (%) FP FN Overcall (%) Avg. latency (ms) 
llama3.1:8b 52.4 0 10 0.0 9,288 

granite4:latest 61.9 3 5 14.3 5,608 
qwen3.5:0.8b 38.1 11 1 52.4 63,866 

gpt-4o 100.0 0 0 0.0 1,970 
 TP = true positive rate; FP = false positives; FN = false negatives; Overcall = unnecessary tool invocation rate  
 

6 Discussion 
 
This study frames workplace nutrition as a cross-domain coordination challenge in 
which the relevant dependency is distributed across two operationally separate 
domains. The design-knowledge contribution of the study lies in an event-centered 
coordination pattern for selective interoperability in sensitive settings. In ACCM, 
the meal event functions as a bounded coordination artifact that links organizational 
meal descriptors with locally computed personal indicators without requiring either 
domain to expose its underlying resources. The contribution lies in their integration 
through a governed coordination model in which a shared event structures the scope 
of coordination, the conditions of exchange, and admissibility at the domain 
boundary. In this sense, the meal event serves both as a semantic coordination unit 
and as a practical privacy boundary for cross-domain interaction.  
 
The prototype and benchmark provide preliminary support for this pattern. They 
show that natural-language requests can be translated into bounded tool calls and 
cross-domain responses, thereby reducing semantic and knowledge barriers for 
users. At the same time, the findings indicate that privacy-preserving coordination 
remains reliable only when AI operates within explicit governance boundaries and 
restricted action spaces. In the evaluated benchmark, the cloud-based model 
achieved the strongest tool-selection performance, whereas the tested local models 
were less reliable, especially for semantically broader formulations. The implication 
is the continued importance of a governed coordination layer based on local 
computation, bounded tool mediation and precise event-bounded exchange. Edge 
AI appears promising for such settings, but further progress in local model quality 
and edge-specific fine-tuning is needed before it can support this coordination 
pattern with comparable robustness. The evaluation was limited to a prototype and 
a controlled benchmark assessing technical feasibility. It did not validate 
downstream effects. On the personal side, the study did not examine whether the 
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proposed coordination pattern improves health-related outcomes. On the 
organizational side, it did not evaluate whether the generated indicators improve 
menu planning or other forms of decision support. The prototype should therefore 
be understood as a preparatory step toward a future intervention study in which the 
coordination model can be instantiated in real organizational settings to assess 
adoption, decision processes and measurable effects on nutrition-related health 
outcomes 
 
7 Conclusion 
 
This paper presented ACCM as a coordination model for governed cross-domain 
interaction between personal health platforms and organizational meal-service 
platforms. The model specifies how locally computed personal indicators and 
organizational meal-related information can be connected through a governed layer 
while preserving the local control of sensitive personal data. Beyond assessing 
technical feasibility, the initial prototype and controlled benchmark also informed 
the iterative refinement of ACCM by providing preliminary design knowledge about 
the governed layer. The findings suggest that coordination artifacts can support this 
interaction pattern and that the meal event serves as a useful coordination and 
privacy boundary for cross-domain interaction. The paper therefore contributes a 
conceptual design-oriented model for selective cross-domain interoperability in 
occupational nutrition. Future research should examine the model in real 
organizational settings and assess adoption and practical outcome effects. 
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