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Abstract

Operational planning for large-scale events involves high uncertainty, heterogeneous data
sources, and complex resource allocation decisions. Although digital twins and simulation
models can support this process, their adoption is often limited by the technical expertise re-
quired to configure scenarios and interpret outputs. This paper introduces a Conversational
Digital Twin Framework (CDTF) that integrates generative AI with simulation-based deci-
sion support, enabling users to configure operational scenarios through natural language.
The framework comprises four layers: data integration, a simulation engine combining
machine learning and discrete-event simulation components, a conversational AI inter-
face, and a visualization layer for reports and dashboards. It is validated through a TRL4
prototype for football stadium operational planning at the Gran Canaria Stadium, using
historical match records, external contextual sources, and synthetically generated opera-
tional variables where detailed stadium data were unavailable. The validation focuses on
architectural feasibility, workflow integration, conversational configuration, and opera-
tional viability. Results show that the agent recognized user intent in 93.3% of evaluated
prompts, extracted all explicitly stated parameters in the tested cases, detected all evaluated
invalid inputs, and completed the full simulation workflow in all tested scenarios. Average
conversational responses took less than six seconds, while complete simulation workflows
required approximately 1 min. These findings suggest that conversational interaction can
facilitate the access to simulation-based planning and support interactive what-if analysis
for event operations, while future work must validate predictive performance with real
operational datasets.

Keywords: digital twin; conversational AI; generative AI; event simulation; software
framework; machine learning; simulation architecture

1. Introduction
Planning the operations of large scale events, including sporting competitions and

cultural festivals, poses significant challenges for organizers, venue managers, and local
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authorities. These events involve complex interdependencies between resource alloca-
tion, attendance forecasting, logistics management, and real-time decision-making under
uncertainty [1,2].

Digital Twin (DT) technology has emerged as a promising paradigm for addressing
these challenges by representing and analyzing complex physical systems through vir-
tual models that can support simulation and decision-making under different operational
conditions [3,4]. Digital twins enable the exploration of alternative scenarios in system
operation, allowing the analysis of potential system behaviors, performance variations,
and the impact of external conditions through simulation-based approaches [5,6]. How-
ever, existing digital twin implementations often require significant technical expertise for
configuration, integration, and operation, which can limit their accessibility and adoption
by non-technical domain experts [7,8].

1.1. Digital Twins for Simulation and Decision Support

Digital twins have been successfully applied across manufacturing [9], smart cities [10],
healthcare [11], and infrastructure management [12]. These implementations leverage
continuous data streams from IoT sensors, historical databases, and external APIs to
maintain synchronized virtual representations of physical assets [13]. Machine learning
models embedded within digital twins enable predictive analytics, anomaly detection,
and optimization of operational parameters [14,15].

In the domain of event management, digital twins offer unique value by simulating
crowd dynamics, resource consumption patterns, and service delivery performance [16].
Prior research has explored digital twin frameworks for modeling complex systems and
optimizing operational processes across industrial and service contexts [5]. Similarly,
simulation-based approaches have been proposed to support decision-making and perfor-
mance evaluation in large-scale and dynamic environments [3]. However, these systems
typically require manual parameter configuration through graphical interfaces or direct
manipulation of configuration files, creating a steep learning curve for non-technical users.

1.2. Generative AI and Scenario Generation

The advent of Large Language Models (LLMs) and generative AI has opened new
possibilities for human–computer interaction in complex systems [17,18]. Generative mod-
els can understand natural language queries, extract structured information, and generate
contextually appropriate responses [19]. In the context of digital twins, generative AI can
serve as an intelligent interface layer that translates user intentions expressed in natural
language into formal simulation configurations [20]. This approach has been explored in
industrial settings, where conversational agents assist operators in configuring production
schedules [21] and in urban planning, where LLMs facilitate stakeholder engagement in
scenario exploration [22]. However, the integration of generative AI with digital twin
architectures remains fragmented, lacking a unified framework that addresses the full
lifecycle from natural language interaction to simulation execution and result visualization.

1.3. Conversational Interfaces for Complex Systems

Conversational AI has demonstrated effectiveness in democratizing access to technical
systems across multiple domains. Virtual assistants and chatbots now support tasks ranging
from data analysis [23] to code generation [24]. The key advantage of natural language-
driven systems lies in their ability to enable users to express analytical or programming
intentions in natural language, reducing the need to learn domain-specific syntax or low-
level implementation details [23,24].

For simulation and modeling systems, conversational interfaces can support scenario
specification and enable more intuitive interaction with simulation environments [25,26].
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Natural Language Processing (NLP) techniques enable intent recognition, entity extraction,
and dialogue management, transforming user utterances into structured commands [27,28].
However, existing implementations often focus on narrow use cases and lack generalizabil-
ity across different simulation domains.

1.4. Problem Explication

Following the Design Science Research methodology, the explication of the problem
reveals that despite advances in digital twins, generative AI, and conversational interfaces,
a critical gap remains: there is no established framework that systematically integrates
these three paradigms to create accessible, intelligent simulation systems for operational
planning. Existing digital twin implementations are typically focused on specific industrial
applications and decision-support integration, often lacking advanced interaction capabil-
ities and flexible, intelligent user interfaces [7,8]. Conversely, generative AI applications
in simulation remain largely experimental and are not grounded in robust architectural
frameworks suitable for real-world deployment [29].

This paper addresses this gap by proposing a comprehensive framework for Conver-
sational Digital Twins, which are digital twin systems enhanced with generative artificial
intelligence to support natural language configuration, scenario exploration, and result
interpretation. Unlike existing digital twin architectures that rely on complex graphical
interfaces, the originality of our solution lies in the seamless, lightweight architectural
integration of a generative AI layer with a robust simulation engine. Consequently, the pri-
mary contribution of this study is this specific architectural integration and the resulting
conversational configuration mechanism, which directly democratizes access to advanced
simulation capabilities for non-technical decision-makers.

1.5. Define Requirements and Research Questions

Following the identification of the problem, this research defines the requirements for
a solution by formulating the following Research Questions (RQs), which guide the design
and development of our framework:

1. RQ1 (Technical & Architectural Requirements): How can generative AI be architec-
turally integrated with simulation-based decision support systems to enable non-
technical users to configure operational scenarios through natural language?

2. RQ2 (Validation Requirements): How does the proposed conversational integration
perform in terms of intent recognition, configuration accuracy, and system latency
within a real-world operational planning context?

3. RQ3 (Generalizability Requirements): What are the architectural principles that al-
low this framework to be generalized to other domains requiring simulation-based
decision support under uncertainty?

Answering the RQs within current literature: Regarding RQ1, existing literature
typically approaches digital twins through complex graphical interfaces or direct file
manipulation, while generative AI applications in simulation remain largely experimental
and lack a unified architectural framework for real-world deployment. Addressing RQ2,
current evaluations of conversational agents in complex systems often focus on narrow
use cases (e.g., data analysis or code generation), leaving a gap in holistic validations that
measure end-to-end latency and configuration accuracy in simulation workflows. Finally,
concerning RQ3, while digital twins have been successfully applied in manufacturing,
smart cities, and healthcare, frameworks that decouple the complexity of the simulation
model from the user interaction paradigm to allow cross-domain transferability are still
underdeveloped in the state of the art (SOTA).
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1.6. Paper Organization

The remainder of this paper is organized as follows. Section 2 presents the CDTF,
describing its conceptual architecture and the role of each component layer, including
infrastructure, technology stack, and integration patterns. Section 3 presents the validation
case study for simulation of sporting events, demonstrating conversational interaction
examples and prediction outputs. Section 4 discusses the implications of our findings,
framework generalizability, and identified limitations. Finally, Section 5 concludes the
paper and outlines directions for future research.

2. Design and Development of the Conversational Digital
Twin Framework

In alignment with the Design and Develop phase of the Design Science methodology,
this section presents the artifact: the CDTF. It is a layered architecture designed to integrate
generative AI capabilities with simulation systems for operational planning. The framework
addresses the key challenge of making complex digital twin systems accessible to non-
technical users while maintaining computational rigor and predictive accuracy. We first
describe the conceptual architecture and the role of each layer, then detail the technical
implementation of the prototype developed to validate the framework’s feasibility.

2.1. Conceptual Architecture

The CDTF is structured around four interconnected layers, as illustrated in Figure 1.
Each layer serves a distinct functional role while maintaining loose coupling to ensure
modularity and extensibility:

1. Data layer: Responsible for data acquisition, integration, and preprocessing from
heterogeneous sources including historical databases, real-time APIs, and external
data providers.

2. Simulation engine (digital twin core): Encapsulates the computational models that rep-
resent the physical system’s behavior, including discrete-event simulation components
and machine learning models for prediction. In this proof of concept, the simulation
pipeline was adapted to the specific operational planning requirements of football
events at the Gran Canaria Stadium. However, the architecture and simulation
workflow were designed with modularity and extensibility in mind, enabling their
adaptation to different operational domains and event-planning use cases beyond the
stadium context.

3. Conversational AI layer: Provides a natural language interface powered by generative
AI models, enabling users to configure simulations, query system state, and interpret
results through dialogue.

4. Visualization layer: Presents simulation outputs through interactive dashboards,
reports, and graphical representations tailored to different stakeholder needs.

The framework follows a request–response cycle: users express intentions in natu-
ral language, the conversational AI layer translates these into structured configuration
parameters, the simulation engine executes the corresponding computations, and results
are presented through the visualization layer. This architecture decouples the complexity
of simulation modeling from the user interaction paradigm, enabling domain experts to
leverage sophisticated analytical capabilities without requiring programming [7,8].
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Figure 1. Conceptual architecture of the CDTF showing the four main layers and their interactions.

2.2. Data Layer

The data layer serves as the foundation for all simulation activities by ensuring reliable
access to the diverse data sources required for digital twin operations.

2.2.1. Data Sources and Integration

Operational digital twins typically require three categories of data [12,13]:

• Historical data: Time-series records of past system behavior stored in relational
databases, including operational metrics, resource consumption patterns, and contex-
tual variables (e.g., weather conditions, attendance records).

• Real-time data: Current system state obtained through IoT sensors, monitoring sys-
tems, or operational databases that reflect live conditions.

• External contextual data: Information from third-party APIs that provide environ-
mental context, such as weather forecasts, social media trends, public transportation
schedules, or ticketing systems.

The framework employs an Extract-Transform-Load (ETL) pipeline that periodically
queries these sources, applies data cleaning and normalization procedures, and stores the
processed information in a unified operational database [15]. Data validation mechanisms
ensure integrity through schema checking, range validation, and consistency verification
across related datasets.

2.2.2. Data Versioning and Simulation Identification

A critical design decision in the framework is the use of a simulation_id field that
tags all data records. The baseline configuration (simulation_id = 0) represents the
reference state derived from historical data, while incremental identifiers mark scenario
variants generated through conversational interaction. This versioning approach enables:

• Traceability: Each simulation run can be reconstructed by retrieving all data associated
with its identifier.

• Comparison: Different scenarios can be evaluated against the baseline or against
each other.

• Reproducibility: Simulation results can be validated by re-running configurations
with identical parameters.
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This design pattern aligns with best practices in computational reproducibility and
digital twin lifecycle management [6,12].

2.3. Simulation Engine (Digital Twin Core)

The Simulation Engine constitutes the computational heart of the framework, im-
plementing the mathematical and statistical models that predict system behavior under
various operational conditions [9,30].

2.3.1. Model-Agnostic Architecture

The framework adopts a model-agnostic design philosophy, allowing different types of
predictive and simulation models to coexist within the same infrastructure. This flexibility
is achieved through a standardized interface that defines:

• Input schema: Expected format for configuration parameters and input features.
• Execution protocol: Method signatures for training, prediction, and state updates.
• Output schema: Structured format for returning predictions and diagnostic information.

This abstraction enables the integration of various modeling paradigms including
machine learning algorithms and discrete-event simulation models.

2.3.2. Machine Learning Models for Prediction

In the prototype implementation, we employ supervised learning models to pre-
dict key operational variables such as attendance, resource consumption, queue lengths,
and service utilization. To ensure adaptability to varying levels of data availability,
the simulation engine is fully configuration-driven through YAML files. These files ex-
plicitly define the input features, target variables (e.g., total_attendance, total_sells,
available_parking_spaces, or avg_queue_seconds), data joins, and temporal granulari-
ties for each predictive task.

Rather than relying on a single static algorithm, the framework implements an auto-
mated pipeline for model selection and training. For a given operational scenario, the sys-
tem applies an 80/20 train-test data split (adjustable via configuration) and executes an
internal feature selection process. It then performs hyperparameter tuning across multiple
algorithm families, primarily Random Forest [31], XGBoost, CatBoost, and LightGBM.
The pipeline evaluates the optimized models from each family using standard regres-
sion metrics—including Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and R-squared values—and automatically selects the best-performing model for the final
prediction step.

Once the optimal model is selected and trained, the prediction workflow follows
these steps:

1. Feature engineering: Transform raw input variables (date, weather, event characteris-
tics) into model-ready features as specified in the configuration schema.

2. Model loading: Retrieve pre-trained models from persistent storage, avoiding retrain-
ing overhead during simulation.

3. Prediction generation: Apply models to the configured scenario parameters to gener-
ate forecasts.

2.4. Conversational AI Layer

The Conversational AI Layer represents the most distinctive component of the frame-
work, enabling natural language interaction with the digital twin system. This layer inter-
prets user intentions, extracts relevant parameters, and generates human-readable responses.
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2.4.1. Large Language Model Integration

The framework leverages state-of-the-art Large Language Models (LLMs) to provide
conversational capabilities. In the prototype implementation, we integrate Google’s Gemini
2.5 Flash Lite model via API, chosen for its:

• Instruction following: Ability to understand and execute complex instructions that
require multiple actions.

• Contextual understanding: Capacity to maintain multi-turn dialogues.
• Structured output generation: Support for generating formatted data (e.g., YAML)

alongside natural language.

The conversational agent, powered by a Large Language Model (LLM), operates
through a carefully designed prompt engineering strategy that includes system instructions
defining the agent’s role, capabilities, and behavioral guidelines; a schema specification
providing formal descriptions of configuration parameters and valid value ranges; and tool
definitions specifying the functions the model can invoke (e.g., modifying the configuration
or executing the simulation). The system prompt (detailed in Appendix A.1) was developed
iteratively by the research and development team, without the involvement of independent
end-users. The optimization process was qualitative, focusing on ensuring the correct
invocation of tools under varying conditions and refining user intent detection. Particular
attention was given to handling multi-intent queries, enabling the agent to execute several
concurrent instructions or chained actions within a single conversational turn.

2.4.2. Natural Language Understanding Pipeline

Internally, the LLM of the agent processes user messages by recognizing their intent
(such as configuring a simulation, querying results, or modifying parameters), extracting
relevant entities like dates, numerical values, categorical options, and constraints, validating
this information against allowed ranges and business rules, and finally generating actions
by translating the validated parameters into structured tool calls that interact with the
simulation engine.

Error handling mechanisms ensure graceful degradation when the LLM fails to extract
parameters correctly, prompting the user for clarification rather than proceeding with
invalid configurations.

2.5. System Integration Architecture

The conversational AI agent and digital twin communicate through two primary
integration mechanisms:

2.5.1. Configuration File Management

The conversational interface manipulates a structured configuration file that parame-
terizes simulation execution. This file includes:

• Event metadata: Date, time, location, event type.
• Attendance projections: Expected visitor counts, demographic distributions.
• Environmental conditions: Weather forecasts, external events.
• Operational parameters: Resource availability, staff schedules, pricing policies.

The conversational agent updates this file according to user requests, while the digital
twin uses it to configure the prediction process. This approach based on file exchange
keeps the components loosely connected, so each one can evolve separately as long as the
structure of the configuration remains consistent.
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2.5.2. RESTful API Communication

The system exposes two main endpoints that support the simulation workflow: one
for initialization and one for results retrieval. The initialization endpoint receives a YAML
configuration, validates it, assigns a unique simulation identifier, and starts the process,
returning the identifier along with a status indicating that execution has begun. The results
endpoint allows checking the state of a simulation using its identifier and, once completed,
provides access to a generated report with the results, while ongoing or failed executions
return only status information. These endpoints were created using FastAPI [32] and are
accessed by the conversational layer, which links user requests to system execution in a
seamless way.

2.6. Visualization Layer

The visualization layer presents simulation results in formats suitable for decision-
making. This layer must balance comprehensiveness with clarity, ensuring that stakehold-
ers with varying levels of technical expertise can interpret outputs effectively.

Multi-Modal Result Presentation and Dashboard Design

The framework supports a multi-modal visualization strategy that enables users to
access simulation outputs at different levels of detail and interactivity. Results can be
presented directly within the conversational interface as structured tabular data, including
raw prediction values, comparison metrics, and statistical summaries, or as programmati-
cally generated visualizations illustrating trends, distributions, and comparative analyses.
In addition, the framework supports interactive dashboard environments, such as Mi-
crosoft Power BI [33], which provide advanced analytical capabilities including filtering,
drill-down exploration, and cross-dimensional analysis through persistent links generated
by the conversational agent.

The dashboard layer is designed following established decision support system prin-
ciples to facilitate rapid interpretation and operational analysis. Key performance indi-
cators (KPIs) are prominently displayed using suitable visual encodings, such as gauges,
sparklines, and heat maps, enabling at-a-glance comprehension of relevant operational
conditions. Contextual navigation mechanisms allow users to transition from high-level
overviews to detailed analyses through intuitive interactions, while temporal visualizations
support the identification of trends, anomalies, and scenario-based variations over time.

This multi-modal approach allows users to quickly assess high-level results within the
conversational environment while retaining the flexibility to perform deeper exploratory
analyses in dedicated visualization platforms. Dashboard updates are triggered multiple
times per day, ensuring that displayed information reflects recently generated predictions
without requiring manual refresh cycles.

2.7. Technology Readiness Level 4 (TRL4): Implementation Details

This subsection describes the technical realization of the CDTF through a TRL-4
prototype developed for operational planning of sporting events in tourist destinations.
The implementation demonstrates the framework’s feasibility while validating core func-
tional requirements in a controlled environment.

2.7.1. Validation Mechanisms

The prototype implements multiple security layers appropriate for TRL-4 validation:

• Input validation: Pydantic schemas enforce type checking, range constraints, and struc-
tural requirements on all API inputs, preventing injection attacks and malformed
requests [34].
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• Database access control: PostgreSQL roles and permissions restrict write access to
authorized services, with read-only credentials used for visualization layers.

While production deployment would require additional security measures (e.g.,
OAuth 2.0 authentication, end-to-end encryption, comprehensive audit logging), the cur-
rent implementation provides sufficient protection for controlled testing environments.

2.7.2. Framework Extensibility and Generalization

A key design consideration is the framework’s adaptability to domains beyond event
planning. The modular architecture facilitates extension in several dimensions:

• Data source integration: New ETL connectors can be added to the data layer with-
out modifying downstream components, enabling connection to domain-specific
databases or APIs.

• Model diversity: The Simulation Engine’s standardized interface allows substitution of
Random Forest models with alternative algorithms (e.g., neural networks, agent-based
models) appropriate for different prediction tasks.

• Conversational capabilities: The prompt engineering approach can be customized
for specific domains by updating system instructions and few-shot examples, with-
out changing the underlying LLM integration.

• Visualization templates: Power BI dashboards can be adapted with domain-specific
metrics and visual designs.

This extensibility positions the framework as a general-purpose blueprint for de-
veloping conversational digital twins across manufacturing [9], healthcare [11], urban
planning [10], and other domains requiring simulation-based decision support.

3. Artifact Evaluation: Sporting Event Simulation Case Study
Following the Design Science Research methodology, this section focuses on the

Artifact Evaluation step. It presents the evaluation of the developed CDTF through a case
study focused on operational planning for large-scale sporting events at a football stadium
in a tourist destination. The objective of this validation is not to demonstrate production-
grade forecasting accuracy, but to assess the feasibility and usefulness of the proposed
architecture at TRL4 level. This study is explicitly framed as a feasibility and workflow-
integration investigation rather than a validation of predictive accuracy for operational
deployment. In particular, the evaluation focuses on three complementary dimensions:
the ability of the conversational agent to transform natural language requests into valid
simulation configurations, the computational feasibility of executing complete simulation
workflows within operationally acceptable response times, and the capacity of the system
to generate decision-support outputs for resource allocation and logistics management.

3.1. Artifact Evaluation Against State-of-the-Art Approaches

To properly evaluate the proposed architecture, we establish a comparative framework
against competing approaches identified in the literature, explicitly including recent ad-
vancements and fundamental analytical frameworks suggested in the state of the art [35–39].
As outlined in our requirements (RQ1 and RQ3), a set of desired features is necessary for
an effective conversational digital twin.

Table 1 presents a design-science evaluation comparing our artifact (CDTF) against
baseline methodologies: traditional manual configuration, off-the-shelf LLMs without
rule-based validation (as tested in Section 3.2), and existing SOTA predictive digital twins
and analytical approaches as proposed in recent literature [35,36,38,39].
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Table 1. Comparison of desired architectural features against competing approaches.

Desired Feature (Requirements) Traditional GUI/
Manual Config.

Off-the-Shelf LLM
(Baseline)

Existing SOTA
Approaches [35,36,38,39]

Proposed CDTF
(Our Artifact)

Natural Language Scenario
Configuration No Yes No Yes

Strict Parameter Validation & Schema
Enforcement Yes No * Yes Yes

Automated End-to-End Simulation
Workflow No No Yes Yes

Multi-modal Result Visualization No No No ** Yes

Decoupled Architecture for
Cross-Domain Transfer No Yes No Yes

* Prone to hallucination and extraction errors without architectural constraints. ** Typically restricted to static
dashboards without conversational multi-modal feedback.

3.2. Case Study Context

The prototype was developed for the Gran Canaria Stadium, a 32,400-seat football
arena hosting regular matches in Las Palmas, Canary Islands, Spain. The operational
planning challenge involves coordinating multiple interdependent resources, including
food and beverage inventory, merchandising stock, parking capacity, cleaning staff and
inventories, and security personnel. Traditional planning relies on fixed capacity allocations
based on average historical attendance, resulting in either resource wastage during low-
attendance events or service degradation during high-demand matches [16].

The digital twin was calibrated using a combination of historical match records from
three complete football seasons (2021–2024) encompassing 114 matches, publicly available
contextual data, and synthetically generated operational variables, since real concession,
staffing, or security datasets were not available. External data sources include AEMET
(Spanish Meteorological Agency) for weather data, Google Trends for search interests,
and occupancy rates for tourist accommodations in the proximities obtained from the
Institute of Statistics of the Canary Islands (ISTAC) and the National Institute of Statistics
of Spain (INE).

Although the framework includes mechanisms for monitoring predictive performance
through standard regression metrics, these metrics are not reported as evidence of real-
world accuracy in this validation because several operational target variables were gener-
ated synthetically.

Generation of Synthetic Operational Data

To ensure complete transparency and reproducibility regarding the TRL4 validation, it
is necessary to detail how the synthetic operational variables were generated. The synthetic
data set was created using a combination of the Python 3.11 Faker library [40] (to generate
realistic data schemas resembling point-of-sale and operational logs) and heuristic rule-
based estimations defined by the research team.

It is important to explicitly state that these synthetic generation rules were not vali-
dated by stadium domain experts, nor were they derived from historical proxy distributions.
Their sole purpose was to generate structurally sound, logically plausible data pipelines
to test the end-to-end architectural workflow (i.e., verifying that the simulation engine
could ingest data, execute the models, and output results to the visualization layer without
architectural failures). Table 2 summarizes the main synthetic variables, their generation
rules, and the underlying assumptions used to populate the simulation databases.
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Table 2. Summary of synthetic variables, generation rules, and underlying assumptions.

Variable Category Generation Method Rules & Ranges Underlying Assumption
(Unvalidated)

Attendance Breakdown
(Season tickets, Locals,
Tourists)

Heuristic estimation
Season tickets: ∼65% of total.
Locals: ∼25%. Tourists:
∼10%.

Proportions reflect a plausible
demographic split for a major
sporting event in a highly
touristic destination.

Concession Sales (Food,
Drinks, Merch) Python Faker & Rule-based

Transaction logs generated
with Faker. Volume scaled
linearly with attendance (0.5
to 1.5 items per attendee).

Higher attendance directly
correlates with proportional
increases in food, beverage,
and merchandising
transactions.

Queue Lengths Rule-based
Base time (0–2 min) + penalty
multiplier based on stadium
occupancy (up to 15 min).

Queues grow exponentially as
the stadium approaches its
maximum capacity.

Parking Availability Rule-based
100% availability minus a
factor of local and tourist
attendance arriving by car.

Season ticket holders and
locals represent the majority
of parking pressure.

3.3. Conversational Agent Validation

The conversational interface enables planners to configure simulation scenarios
through natural language dialogue. Table 3 presents representative interaction examples
demonstrating intent recognition, parameter extraction, and system responses.

Table 3. Representative conversational interactions with the digital twin agent.

User Input System Response

“Create configuration for Las Palmas vs Sevilla match with
32,400 attendance”

Configuration created with simulation_id = 12. Attendance
set to 32,400. Other parameters initialized to historical averages.
Simulation ready to execute.

“Simulate 10% more tourists than usual with rainy weather”
Configuration updated: tourist_attendance increased by 10%,
weather_condition set to “rain” (probability 0.8).
simulation_id = 13 assigned.

“What happens if it’s a high-risk match on a sunny day with
12,300 spectators?”

Configuration created: attendance = 12,300, risk_level =
high, weather = sunny. Note: Other parameters will be
imputed from historical data. Proceed with simulation?

“Show me the predictions for simulation 13” Simulation 13 status: finished. Downloading Excel report with
predictions. Dashboard link: [PowerBI URL].

These interactions highlight the system’s capability to: (1) extract numerical values
and categorical parameters from natural language, (2) handle incomplete specifications
by applying intelligent defaults, (3) maintain conversation context across multiple turns,
and (4) provide both immediate feedback and detailed analytical outputs.

The examples also illustrate the practical role of the conversational layer as an ab-
straction mechanism over the simulation configuration process. Instead of requiring users
to manually edit structured configuration files or interact directly with API endpoints,
the agent converts operational questions into executable simulation scenarios. This is par-
ticularly relevant in stadium planning contexts, where decision-makers may need to rapidly
explore alternative assumptions regarding attendance, weather, match risk, tourist inflow,
or resource availability without technical knowledge of the underlying simulation engine.

The results presented in Table 4 indicate that the conversational layer successfully
identified user intent in the majority of the evaluated prompts and accurately extracted
all explicitly specified parameters in the tested cases. Parameter extraction achieved an
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accuracy of 100% across 50 evaluated parameters, encompassing numerical inputs (e.g.,
expected attendance), categorical variables (e.g., weather conditions or match risk levels),
and relative adjustments (e.g., percentage increases in tourist attendance). This level of
accuracy is particularly significant, as errors in parameter extraction could prevent the
digital twin simulation engine from initiating and hinder system usability for non-technical
users, who might otherwise encounter unclear or difficult-to-interpret error messages.

Table 4. Conversational agent validation results.

Metric Value Evaluation Setup

Intent recognition accuracy 93.3% 30 user prompts
Parameter extraction accuracy 100% 50 extracted parameters
Invalid input detection rate 100% 20 cases asking for invalid values
Full simulation workflow completion rate 100% 10 scenarios

The system also detected all invalid values in the evaluated test cases. These cases
included out-of-range attendance values, unsupported weather categories, inconsistent
scenario definitions, and requests involving unavailable parameters. Instead of executing
invalid simulations, the agent either rejected the input or requested clarification. This
behavior supports the use of the conversational layer as a controlled interface rather than
as an unrestricted natural language wrapper over the simulation engine. Finally, the full
simulation workflow completion rate reached 100% across the 10 evaluated scenarios.
In this context, a completed workflow means that the user request was transformed into
a valid configuration, the simulation process was executed, and the results were made
available through the corresponding reports and dashboard output. This confirms that the
prototype implemented successfully integrates the conversational interface, configuration
management, simulation execution, result persistence, and visualization components into a
single end-to-end workflow.

Although the evaluation set of 30 prompts might appear limited in a general NLP
context, the research team specifically designed it to cover the full operational scope of
the framework at a TRL-4 level. The agent’s action space is highly constrained by design:
its core capabilities are strictly limited to viewing current settings, updating parameters
within a defined schema, triggering the simulation API, and providing the resulting report
links. Because the variance in user interaction is primarily syntactic rather than functional,
expanding the evaluation set yields diminishing returns once the system demonstrates a
reliable mapping of natural language to these specific, bounded actions.

Despite these high performance metrics, the evaluation revealed specific limitations
in handling ambiguous or out-of-scope requests. Complex operational adjustments still
require human oversight or a wider set of configuration parameters, as demonstrated by
the following failed cases observed during testing:

• Subjective constraints: When presented with an underspecified request such as
“Change the hotel occupancy rate to reflect the off-season”, the agent failed to request
additional information and instead inferred a value autonomously, responding “Great,
I’ll change the hotel occupancy rate to 35% since it’s the off-season”. In this scenario,
the expected behavior would be to initiate a clarification loop and request an explicit
occupancy value from the user, rather than making unsupported assumptions about
simulation parameters.

• Out-of-scope requests: When asked to “Change the weather to indicate that there is a dust
storm and visibility is low”, the agent responded “I’m sorry, but the option to add a dust
storm as a weather condition during the event is not included in the settings. Please suggest a
valid value referring to rain probability.” Although the request referred to a parameter
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outside the supported configuration schema, the response demonstrates a limitation
in handling out-of-scope instructions, as the agent failed to clearly explain that the
requested modification could not be represented within the available simulation
parameters.

To establish a baseline comparison, the same evaluation set of 30 prompts was pro-
cessed by an off-the-shelf, unconstrained LLM agent lacking the framework’s strict rule-
based architecture and schema validation. This methodological choice aimed to isolate the
contribution of our specific architectural constraints. While this baseline system produced
valid configurations in only 56.67% of cases, our framework achieved much higher com-
pletion rates. In contrast, our framework enforces strict, lightweight schema validation
(using Pydantic) at the extraction layer. If the LLM generates an invalid configuration,
the schema validation reliably forces the agent to retry and correct the generation until
it successfully aligns with the system’s requirements, guaranteeing that the simulation
engine never receives malformed data.

However, we fully acknowledge that the reported performance figures (e.g., 93.3%
intent recognition accuracy and 100% extraction accuracy) must be interpreted with cau-
tion. The evaluation process was conducted on a limited test set of 30 prompts that were
tightly constrained to the operational scope of the TRL-4 prototype. While the research
team designed this set to cover the functional action space of the framework, expanding
the evaluation set yields diminishing returns only when the variance in user interaction
is primarily syntactic. Ultimately, these results demonstrate architectural feasibility and
correct workflow integration within a highly controlled environment, rather than providing
a definitive quantitative benchmark for open-ended conversational interactions. Addition-
ally, the latency performance of the prototype during this validation phase is summarized
in Table 5.

Table 5. End-to-end response times observed during prototype validation.

Metric Value Evaluation Setup

Average conversational response time <6 s 50 cases
Average parameter modification time 5 s 30 cases
Average complete simulation workflow time 1:07 min 10 scenarios
Excel report generation time 2 s 10 scenarios

The observed response times, summarized in Table 3, indicate that the framework
can support interactive scenario exploration. General conversational responses and pa-
rameter modification requests were completed in a few seconds, which is compatible with
a dialogue-based planning workflow. Complete simulation workflows required approxi-
mately one minute on average, including configuration handling, simulation execution,
result persistence, and report availability. This execution time is acceptable for pre-event op-
erational planning, where users typically compare a limited number of alternative scenarios
rather than requiring real-time control-loop execution.

An important observation is that simulation time did not increase substantially when
attendance values were raised up to the maximum capacity of the selected stadium. This
suggests that, for the evaluated range of scenarios, the computational cost of the prototype
is dominated by fixed workflow components, such as model loading, simulation of attendee
behavior, and report generation, rather than by the number of simulated spectators alone.
As a result, full-capacity scenarios can be explored without a noticeable degradation in
user experience.

Excel reports were generated almost immediately once the simulation output was
available, within the normal response time perceived by the user when interacting with the
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agent. This result is relevant from an operational perspective, since it allows planners to
obtain portable reports for offline analysis, communication with stakeholders, or archival
purposes without introducing an additional bottleneck in the workflow.

3.4. Scope of the Validation

The validation was designed as a system-level assessment of the proposed architecture
rather than as an isolated benchmark of individual predictive models. This decision is
motivated by the nature of the available data. While the prototype incorporates real
historical and contextual information, including match records, weather data, tourism
indicators, and search interest signals, several fine-grained operational variables had to be
synthetically generated due to the lack of access to complete stadium management datasets.
These include detailed concession sales, movement patterns, queue observations, cleaning
operations, parking occupation dynamics, and security incidents.

Consequently, the numerical results presented in this section should be interpreted as
evidence of feasibility, integration, and operational plausibility. They demonstrate that the
framework can receive natural language planning requests, generate valid simulation
configurations, execute the corresponding digital twin workflow, persist the outputs,
and expose the results through reports and dashboards. They should not be interpreted as
evidence of final predictive accuracy in a production environment.

This validation scope is consistent with the TRL4 nature of the prototype, where the
main objective is to demonstrate that the core technological components operate together in
a controlled experimental environment. A higher-readiness validation would require access
to real transaction-level sales data, access-control logs, parking occupancy measurements,
staffing records, and incident management data collected during live events.

3.5. Simulation Outputs and Predictions

Figure 2 illustrates sample outputs generated for a simulated scenario. In line with the
validation scope described above, these outputs are interpreted as operational decision-
support indicators rather than as validated production forecasts. The digital twin generates
estimates for multiple operational variables, including:

• Attendance distribution: Total spectators, demographic breakdown (local vs. tourist),
arrival time patterns.

• Resource consumption: Food items (sandwiches, snacks), beverages (soft drinks, beer),
merchandising (jerseys, scarves).

• Service Utilization: Queue lengths at concession stands, restroom occupancy, parking
lot capacity.

• Operational costs: Staffing requirements for cleaning, security, and customer service.

Figure 2. Sample prediction outputs showing forecasted product consumption and simulated
attendance patterns.
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The Power BI dashboard provides interactive exploration capabilities, allowing plan-
ners to filter by time period, compare multiple scenarios, and drill down into specific
resource categories. In the implemented prototype, simulation outputs are persisted in the
operational database and subsequently reflected in the dashboard through scheduled re-
fresh mechanisms. This allows the dashboard to act as a decision-support layer where users
can compare baseline and alternative scenarios without directly accessing the underlying
database or simulation engine.

Performance Analysis

The performance results indicate that the implemented prototype is suitable for it-
erative pre-event planning. Conversational interactions were completed within a few
seconds in most cases, while complete simulation workflows required approximately one
minute on average. From an operational perspective, this response time enables planners
to test several alternative configurations during the same planning session, for example
comparing baseline, high-attendance, rainy-weather, or high-risk match scenarios.

The limited variation in execution time across attendance levels suggests that the
current implementation is not strongly constrained by the number of spectators up to
the stadium capacity considered in this case study. Instead, the overall latency appears
to be primarily associated with orchestration overhead, model execution, data persis-
tence, and report generation. This behavior is appropriate for the current TRL4 prototype,
although future versions could further reduce latency by parallelizing independent pre-
diction tasks, optimizing database access patterns, and caching frequent conversational or
configuration operations.

The generation of Excel reports reinforces the suitability of the framework for decision-
support workflows in which results need to be shared, archived, or further analyzed outside
the conversational interface.

3.6. Scenario Exploration and Operational Plausibility

Beyond execution time and workflow completion, the prototype was evaluated ac-
cording to its ability to support scenario exploration. The purpose of this assessment was
to verify whether changes in the input configuration produced coherent variations in the
generated operational indicators. This is particularly important in the absence of complete
ground-truth operational datasets, since the value of the framework at TRL4 level lies in
enabling planners to compare plausible alternatives under controlled assumptions.

The tested scenarios included variations in expected attendance, weather conditions,
tourist attendance, match risk level, and concurrent events in the surrounding area. In qual-
itative terms, the generated outputs followed the expected operational direction. Higher
attendance scenarios increased estimated food and beverage demand, parking pressure,
restroom utilization, and cleaning requirements. High-risk match configurations increased
the recommended security allocation and modified the expected pressure on access-control
operations. Rainy-weather scenarios produced changes in mobility and service utilization
patterns, while increases in tourist attendance affected consumption-related indicators and
merchandising demand.

These results suggest that the digital twin can be used as a what-if analysis tool for
pre-event planning. Rather than producing a single static forecast, the framework enables
users to compare multiple operational hypotheses and observe their expected impact on
resource allocation. This capability is especially relevant for stadium operations, where
planning decisions are influenced by multiple interacting factors and where domain experts
often need to reason under uncertainty.
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4. Discussion
This section interprets the validation results of the CDTF. The discussion focuses

on the implications of using this system, the architectural lessons derived from the case
study, the limits imposed by the partial use of synthetic operational data, and the future
developments required before deployment in real stadium operations.

4.1. Interpretation of Validation Findings

The validation results indicate that the proposed framework is technically feasible
as a TRL4 prototype for conversational simulation-based planning. The agent achieved
93.3% intent recognition accuracy and always completed the full simulation workflow, con-
firming that the prototype integrates natural language configuration, scenario generation,
simulation execution, result persistence, report generation, and dashboard visualization
into a single operational pipeline.

These results should be interpreted primarily as evidence of system-level feasibility
rather than as a final predictive validation. The prototype demonstrates that non-technical
users can configure and execute operational scenarios without directly editing configuration
files or interacting with API endpoints. This is a relevant contribution for digital twin
adoption, since one of the practical barriers to simulation-based planning is the gap between
domain expertise and the technical knowledge required to operate simulation tools [8].

The observed response times also support the suitability of the framework for pre-
event planning workflows. General conversational responses were completed in less than
six seconds on average, while complete simulation cycles took approximately one minute.
These results are compatible with iterative planning sessions in which users compare a
small number of alternative scenarios prior to an event.

The framework’s modular architecture proved effective in isolating component re-
sponsibilities. This separation of concerns is a key design principle that facilitates iterative
improvement [14].

A relevant observation from the validation is that execution time did not vary sub-
stantially when the simulated attendance increased up to the maximum capacity of the
selected stadium. This suggests that, within the evaluated range, the total workflow time is
attributable to fixed processes rather than to the attendance value alone. This behavior is
acceptable for the current prototype, although future deployments could still benefit from
optimization through caching, parallel execution of independent tasks, and infrastructure
scaling [41].

4.2. The Democratization of Simulation Through Conversation

A central contribution of this work is the use of generative AI as an accessibility layer
for simulation-based decision support. Traditional digital twin systems often require users
to understand data schemas, parameter definitions, configuration files, or programming
interfaces [7]. In contrast, the proposed framework allows domain experts to express
planning intentions using operational language, such as asking the system to simulate a
high-attendance rainy match or to modify the expected number of tourists.

This interaction model does not eliminate the need for rigorous simulation models,
data validation, or expert interpretation. Instead, it changes how users access these capabil-
ities. The conversational layer supports a human-in-the-loop approach in which the system
assists planners in scenario exploration [9,11,12].

4.3. Exploratory Anecdotal User Observations

During the development of the prototype, we gathered early exploratory data from
three non-technical users who interacted with the system. It is important to emphasize that
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this does not constitute a systematic evaluation of human–computer interaction (HCI) or a
formal usability study. Rather, these observations provide preliminary qualitative context
regarding how non-technical stakeholders might experience the conversational interface.

These early observations highlighted potential perceived strengths:

• Accessibility: Users noted that they could configure simulations without directly
editing configuration files or calling API endpoints.

• Transparency: The explicit feedback from the agent regarding the interpreted parame-
ters and calculation of the default values was perceived as helpful to understand how
requests were translated into simulation inputs.

• Actionability: The generated outputs were considered sufficiently granular to support
preliminary discussions about resource planning.

• Iterative exploration: Users appreciated the ability to modify assumptions between
turns to compare alternative scenarios.

Although these limited data points align with the central design assumption—that
conversational interaction can lower the technical barrier to simulation-based planning—
they must be treated strictly as exploratory insights. In future work, a rigorous and
systematic HCI evaluation involving a representative sample of operational planners and
stakeholders will be required to formally assess usability, user trust and the impact of the
system on decision-making processes.

4.4. Framework Generalizability and Transfer Potential

Although the prototype was validated in the context of sporting event operations,
the proposed architecture is not specific to football stadiums. Its four-layer structure can
be transferred to other operational planning domains where historical or contextual data
is available, alternative scenarios need to be explored, and stakeholders require decision-
support outputs without directly interacting with simulation code.

Examples of potential transfer include:

• Venue and event management: concerts, festivals, trade fairs, and conference cen-
tres, where planners must estimate attendance, queues, staffing, security, cleaning,
and resource consumption.

• Tourism and destination management: planning services around seasonal demand,
weather conditions, accommodation occupancy, visitor flows, and concurrent events.

• Transport and mobility hubs: airports, ports, railway stations, or bus terminals, where
passenger flow, parking, staffing, and congestion management are central planning
problems [10].

• Healthcare capacity planning: hospital departments or emergency units, where man-
agers need to explore patient flow, staff allocation, bed availability, and waiting
times [11].

• Logistics and warehousing: facilities where demand variability, stock levels, workforce
planning, and service times can be analysed through scenario-based simulation [15].

In all these cases, the reusable contribution is not a specific predictive model, but the
architectural pattern: a data layer connected to heterogeneous sources, a simulation engine
adapted to the domain, a conversational layer for scenario configuration, and a visualiza-
tion layer for decision support. The LLM’s generalization capability means that prompt
engineering suffices to adapt the conversational layer to new domains [17,18]. The main
effort required for transfer would be the replacement or adaptation of domain-specific
models, data connectors, validation rules, and dashboard indicators.
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4.5. Limitations and Boundary Conditions

Despite promising validation results, the framework operates within important con-
straints that define its current applicability and highlight areas for future development.

4.5.1. Technology Readiness Level

The prototype corresponds to a TRL4 validation, where the objective is to demonstrate
that the main technological components operate together in a controlled environment.
The system has not yet been validated under live operational conditions or used to make
decisions with real consequences during an event. Moving toward higher readiness levels
would require:

• Access to real operational data: integration with point-of-sale systems, access-control
logs, parking sensors, staffing systems, cleaning records, and incident management
platforms.

• Field validation: comparison of simulated outputs with observations collected during
real matches or events.

• Production infrastructure: deployment in a scalable and monitored environment with
logging, backup mechanisms, and failure recovery.

• Real-time integration: Connectivity to live data streams rather than periodic batch
updates.

• Multi-user operation: support for different stakeholder roles, permissions, and simul-
taneous planning sessions.

• Data governance and compliance: alignment with GDPR requirements, especially if
future versions process personal, behavioural, or location-related data.

4.5.2. Use of Synthetic Operational Data

At the current technology readiness level, the use of synthetic operational variables
enabled controlled testing of the complete conversational digital twin pipeline. This ap-
proach supported the evaluation of core framework functionalities, including configuration
handling, simulation execution, report generation, dashboard integration, and scenario
comparison workflows. The availability of synthetically generated data allowed the proto-
type to demonstrate end-to-end architectural feasibility and workflow integration in the
absence of fully accessible operational datasets.

4.5.3. Economic Indicators and Cost Modelling

The current prototype focuses primarily on operational quantities, such as expected
stock volumes, staffing requirements, parking pressure, and resource utilization. However,
decision-making in stadium operations also depends on economic indicators.

For example, the system could compare the expected revenue from food and beverage
sales against procurement and staffing costs, estimate the cost of overstocking or under-
stocking, or quantify the economic impact of alternative staffing strategies. This would
extend the framework from operational planning toward cost-aware decision support,
allowing users to evaluate scenarios according to both logistical feasibility and expected
economic performance.

4.5.4. Conversational Understanding Limits and Tool Use

The conversational layer achieved 93.3% intent recognition accuracy in the validation
prompts, but this does not imply perfect understanding of arbitrary natural language.
The main limitations identified during the performed qualitative assessment were related
to complex or ambiguous user requests. In some cases, users had to rephrase queries that
combined multiple constraints or used vague operational terminology. Complex requests
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involving multiple constraints, ambiguous terminology, or implicit assumptions may
still require clarification or rephrasing. This limitation is especially relevant in operational
contexts, where different stakeholders may use informal or organization-specific vocabulary
to refer to the same planning variables.

In addition, the conversational agent could be extended with tool-use capabilities
beyond configuration editing and simulation execution. For instance, Model Context
Protocol (MCP) servers or equivalent tool interfaces could allow the agent to query the
operational database using SQL, retrieve previous simulation results, compare historical
scenarios, inspect dashboard metadata, or trigger additional data validation routines.

These extensions would increase the functionality of the conversational layer, but they
would also require stronger governance mechanisms. Because the framework relies on an
interface mediated by a large language model capable of modifying simulation parameters,
it is exposed to specific AI-related vulnerabilities. A concrete governance strategy must
explicitly address risks such as prompt injection (where malicious inputs attempt to hijack
the agent’s instructions), unauthorized tool use (where the agent attempts actions beyond
its permitted scope), incorrect parameter mapping (where the LLM misinterprets user
intent and maps it to the wrong variables), and hallucinated assumptions (where the
agent invents non-existent constraints or data points). Mitigating these risks requires
strict, schema-driven input validation (such as our Pydantic layer that forces correction
of malformed data), read-only database roles for the agent, explicit clarification loops,
and auditable execution logs.

4.5.5. Scope of Automation

The framework automates scenario configuration, simulation execution, report genera-
tion, and dashboard integration, but it does not automate final operational decision-making.
The generated outputs should be interpreted strictly as decision-support inputs that help
planners compare alternatives, identify potential bottlenecks, and reason about resource
allocation. Consequently, a strict human-in-the-loop protocol is mandatory. The necessity
of human approval before any operational decision is a foundational safety constraint
of this architecture. The system must not automatically trigger real-world actions (e.g.,
ordering stock, deploying personnel, or altering security protocols) based on its own sim-
ulation outputs. Final decisions regarding procurement, staffing, security, and mobility
management remain the sole responsibility of human experts.

This distinction is particularly important because some inputs are uncertain and some
operational variables are synthetic in the current prototype. The system can help structure
and accelerate planning discussions, but it should not be interpreted as an autonomous
planning authority. This design philosophy aligns with best practices in human–AI collabo-
ration, where systems augment rather than supplant expert judgment [42].

4.5.6. Computational and Deployment Requirements

The current implementation relies on external LLM API access and a prototype-
oriented execution environment. Although the observed response times were acceptable
for pre-event planning, production deployment would require a more detailed assessment
of cost, reliability, latency, and data governance. Depending on the operational context,
organizations could consider different deployment strategies, including API-based access
to more capable LLMs, smaller self-hosted models for constrained tasks such as parameter
extraction, or hybrid approaches that combine both.

The choice of deployment architecture would also depend on privacy and integration
requirements. Stadium operators or public institutions may prefer on-premises or private-
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cloud deployments when sensitive operational data are involved, whereas less sensitive
scenario exploration could rely on managed cloud services.

4.6. Implications for Digital Twin Evolution

The proposed framework reflects a broader evolution in digital twin systems: from
technical simulation environments used mainly by specialists toward interactive decision-
support tools accessible to operational stakeholders. In this view, the digital twin is not only
a computational representation of a physical system, but also an interface for exploring
operational assumptions, comparing scenarios, and communicating results through the
use of LLMs [43].

The case study illustrates this shift in the context of stadium planning. A planner
can describe an event scenario in natural language, the system converts the request into
structured parameters, the simulation engine generates operational indicators, and the
outputs are exposed through reports and dashboards. This interaction pattern can make
simulation-based planning more usable, especially in organizations where domain expertise
is distributed across users who may not have technical modelling skills.

At the same time, this evolution introduces new research and engineering challenges.
Conversational digital twins must provide transparent parameter interpretation, prevent
invalid configurations, expose uncertainty appropriately, and maintain a clear boundary
between decision support and automated decision-making. Addressing these challenges will
be necessary for moving from controlled TRL4 prototypes toward trusted operational systems.

4.7. Limitations and Future Work

The main limitation of the current work is that the validation was conducted at TRL4
level and relied partly on synthetically generated operational variables. Although the proto-
type integrates real contextual and historical sources, including match records, weather data,
tourism-related statistics, and search trend indicators, detailed operational datasets such as
transaction-level concession sales, queue measurements, parking occupancy, staffing logs,
cleaning records, and security incidents were not available. As a result, several variables
that are critical for event planning had to be simulated to enable end-to-end testing of
the framework.

Therefore, the results should be interpreted as evidence of architectural feasibility,
workflow integration, and operational plausibility, rather than as proof of production-level
predictive accuracy. However, the use of synthetic data was appropriate at this technology
readiness level, as it enabled controlled evaluation of the complete conversational digital
twin pipeline, including configuration handling, simulation execution, report generation,
dashboard integration, and scenario comparison workflows.

Future work will proceed along three main directions.
First, the framework should be validated with real operational datasets collected

during live events. This would enable the transition from system-level feasibility assess-
ment to predictive and operational validation. In particular, future studies should include
quantitative comparisons between generated outputs and observed data related to resource
consumption, attendance flows, parking usage, staffing needs, and incident patterns. Longi-
tudinal evaluations assessing decision quality improvements and operational cost savings
would further strengthen evidence of practical value.

Second, the simulation engine should be extended to support a broader range of
modeling paradigms. This includes agent-based simulation for crowd dynamics, discrete-
event simulation for service processes, and optimization techniques for resource allocation.
In addition, the integration of economic indicators—such as product costs, selling prices,
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staff costs, waste costs, and service-level penalties—would allow the system to evaluate
scenarios not only from an operational perspective, but also in terms of financial impact.

Third, the conversational layer should be enhanced to improve robustness and ana-
lytical capability. This includes the use of more powerful LLMs, domain-specific prompt
engineering, structured clarification dialogues, and curated examples derived from real
planner interactions to better handle complex or ambiguous operational requests. Further-
more, tool-use capabilities such as MCP-based integrations could enable the agent to query
operational databases, retrieve historical simulations, generate SQL-based summaries, com-
pare scenarios, and provide richer interpretations of dashboard outputs. These extensions
should be implemented with appropriate validation mechanisms, access control policies,
and auditability to ensure safe operation.

5. Conclusions
This paper introduced the CDTF, an architectural approach that integrates genera-

tive AI with simulation systems to make operational planning tools more accessible to
non-technical users. By enabling natural language configuration of simulation scenarios,
the framework addresses one of the practical barriers that limits the adoption of digital
twins in operational environments: the need for users to interact with complex configura-
tion files, APIs, or modelling tools.

5.1. Summary of Contributions

The research contributions span conceptual, technical, and validation dimensions:
Conceptual framework: We presented a four-layer architecture composed of a data

layer, a simulation engine, a conversational AI layer, and a visualization layer. This struc-
ture provides a blueprint for building conversational digital twins in which simulation
complexity is decoupled from user interaction. As a result, domain experts can config-
ure and explore scenarios through natural dialogue rather than through programming
interfaces or manual configuration files.

Technical implementation: We implemented a TRL4 prototype for operational plan-
ning in football stadium events. The prototype integrates a Large Language Model, Gemini
2.5 Flash Lite, for natural language interaction; Random Forest models and discrete-event
simulation components for scenario computation; a structured configuration and simula-
tion identification mechanism for traceability; and Power BI and Excel reports for result
visualization and sharing. The implementation demonstrates that these components can
be orchestrated into an end-to-end workflow from conversational input to simulation
execution and decision-support output.

Validation case study: We validated the prototype in a case study focused on the Gran
Canaria Stadium. The evaluation showed that the conversational agent correctly recognized
user intent in 93.3% of the evaluated prompts, extracted all explicitly stated parameters in
the tested cases, detected invalid inputs in all evaluated invalid scenarios, and completed
the full simulation workflow in all 10 tested scenarios. General conversational responses
were produced in less than six seconds on average, while complete simulation workflows
required approximately 1:07 min. These results support the feasibility of the framework for
interactive pre-event planning at TRL4 level.

5.2. Impact and Implications

The main implication of this work is that conversational interfaces can facilitate the
access to simulation-based decision support. In the evaluated prototype, users were able to
configure scenarios, modify assumptions, execute simulations, and access results without
directly interacting with the underlying configuration files, APIs, database, or simulation
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engine. This interaction model is especially relevant for operational planning contexts
in which domain experts need to compare alternatives but may not have modelling or
programming expertise.

For stadium and event operations, the framework can support proactive scenario
exploration around attendance, weather, tourist presence, risk of incidents associated with
the match, stock requirements, parking pressure, cleaning needs, and security planning.
More generally, the proposed architecture can be transferred to other domains where
planners need to explore what-if scenarios using heterogeneous data sources and simulation
models, such as venue management, tourism planning, transport hubs, healthcare capacity
planning, or logistics operations.

Beyond its immediate application, the framework contributes to research on human–
AI collaboration by illustrating how large language models can mediate between domain
experts and specialized computational systems [42,43]. The conversational layer does
not replace simulation models or expert judgement; rather, it provides a more accessible
interface for configuring scenarios and interpreting decision-support outputs.

5.3. Concluding Remarks

The integration of conversational AI with digital twin technology represents a promis-
ing direction to make simulation-based planning more accessible to operational stakehold-
ers. The CDTF provides a conceptual architecture and a TRL4 prototype showing that
natural language can be used to configure simulation scenarios, execute a digital twin
workflow, and deliver outputs through reports and dashboards.

The validation results indicate that the approach is feasible for interactive pre-event
planning, particularly in contexts where users need to compare alternative assumptions
before making operational decisions. At the same time, the current prototype remains an
intermediate step toward deployment. Its predictive validity must be assessed with real
operational data, and future versions should incorporate stronger data governance, richer
economic indicators, and the use of more advanced conversational tools.

As large language models continue to evolve and digital twin adoption expands
across sectors, conversational interfaces may become an important component of future
decision-support systems. The framework presented in this paper contributes to this di-
rection by identifying a practical architecture, demonstrating its feasibility in a controlled
case study, and outlining the main challenges that must be addressed before conversa-
tional digital twins can be reliably deployed in operational environments. By lowering
barriers to simulation access while maintaining analytical rigor, conversational digital
twins have the potential to transform the way organizations plan, optimize, and adapt to
operational uncertainty.
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Appendix A. System Prompt and Configuration
Appendix A.1. Agent System Prompt

The appendix details the system prompt designed to direct the behavior of the con-
versational agent. It specifies the agent’s role, its permitted actions, and the constraints
governing its interactions, thereby promoting consistent and well-structured functioning
within the proposed architecture.

Listing A1: System Prompt of the Conversational Agent.

You are a specialist assistant in managing configuration files for simulation
models.

You can help users:
- Check or display the initial or current configuration (with or without
changes) (tool: view_current_config)
- Update a configuration parameter (tool: change_config_value)
- Update multiple configuration parameters (tool: change_config_value, useful
for some validation rules)

- View the configuration file structure (below)
- Save changes (tool: save_config_changes)
- Create a simulation using the event simulation API (tool: simulate_event)
- Download the report for an event simulation (Excel) (tool:
deliver_event_report)

Instructions:
- Use the tools when necessary.
- Display the current configuration settings to the user when requested.
- Notify the user of any changes made and ask if they want to save the
changes before exiting.
- Save the changes only if the user requests it.
- Report any errors received by the tools.
- To create a simulation, use the ‘simulate_event’ tool and provide the user
with the simulation ID and status. If the status is still in progress, you
can tell the user that they can check back later to verify if the process has
completed. Do not tell them that they will be notified when the simulation

is complete.
- To retrieve the report for a completed simulation, use ‘
deliver_event_report’ with the ID provided by the user. Inform the user of
the simulation’s status or whether the file has downloaded successfully. Do
not disclose the file path to the user.

Important rules regarding tools:
- You can chain multiple tools together without asking the user for
confirmation at each intermediate step. Execute all necessary steps at once
and display the final result.

Configuration structure:
{config_structure}
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Use the available tools as needed and always explain the changes you make.

Appendix A.2. Simulation Engine Configuration File

The following section details the file employed by the system to configure the simula-
tion of attendee behavior and resource usage. It establishes the event details, variables to
simulate, crowd size, and other settings. All null values are replaced during the execution
with the default values bases on previous configurations used.

Listing A2: Structure of the Configuration File in YAML.

# USER INPUTS FOR ATTENDANCE CONFIGURATION
event_id: 3
is_derby: false
imp_high: null
imp_low: null
imp_normal: true
weather_sunny: true
probability: 0.6
season_ticket_attendance: null
dayofweek: 5
day: 26
month: 5
year: 2024

# USER INPUTS FOR DRINKS CONFIGURATION
available_hotel_beds: null
average_stay_nights: null
benefits: null
hotel_occupancy_rate: 85
international_tourists: null
local_attendance: null
product_category_cold_drink: null
product_type_drink: null
province_las_palmas: true
total_attendance: null
total_cost: null
total_tourists: 19000
tourist_attendance: null
average_income_per_person: null
year_of_rent: 2024

# USER INPUTS FOR FOOD CONFIGURATION
net_gross_net: true
product_category_light_snack: true
product_type_food: true

# USER INPUTS FOR MERCH CONFIGURATION
product_category_shirt: null
product_type_clothes: null

# USER INPUTS FOR QUEUES CONFIGURATION
hour: 15
minute: 15
second: 0
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seconds_from_start: -900
store_1: true

# USER INPUTS FOR RESTROOM CONFIGURATION
drink_total_sells: null
pcat_restroom: true
ptype_supply: true

# USER INPUTS FOR RISK CONFIGURATION
matchday: null
away_position: 5
home_form_points: 9
away_form_points: 7
team_ud_las_palmas: true
is_holiday: false
is_weekend: true
crime_threats: null
crime_damages: null
crime_thefts: null
crime_injuries: null
crime_burglary: null
crime_robbery_with_violence: null
crime_thefts: null
crime_total_crimes: null
crime_degrading_treatment_violence: null
value: null
start_hour: null
start_minute: null
start_second: null

# USER INPUTS FOR TRAFFIC AND PARKING CONFIGURATION
timestamp: null
latitude: null
longitude: null
capacity: null
id: null
hits: null
avgsp: null
time: "15:15:00"
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