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Abstract

The escalating impacts of climate change and anthropogenic pressures on vulnerable ecosystems
demand digital tools that make advanced modeling more accessible to conservation practitioners. This
study presents a TRL-4 prototype that integrates a configurable Digital Twin core with a generative
AI conversational interface for conservation-oriented modeling in Doñana National Park, Spain, a
UNESCO World Heritage site facing significant environmental challenges. The main contribution is
not the training of specific ecological forecasting models, but the validation of an end-to-end workflow
that allows users to configure, execute, inspect, and interpret a predictive system through natural
language. The architecture connects a structured YAML configuration, heterogeneous environmental
and biological datasets, automated machine-learning training, database-backed traceability, dashboard
visualization, and SHAP-based interpretability. Through representative executions, the prototype
demonstrates that non-technical users can select target and explanatory variables, configure prepro-
cessing options, launch model training, generate predictions, and review their outputs without directly
editing configuration files or running code. Although the predictive metrics obtained in selected runs
remain preliminary and should be interpreted as diagnostics rather than evidence of general forecast-
ing skill, the results show that conversational Digital Twins can substantially reduce technical barriers
to ecological modeling. By combining generative AI, cloud infrastructure, reproducible machine-
learning workflows, and explainable AI, the proposed architecture provides a strong foundation for
future conservation decision-support systems that augment expert judgment while preserving human
oversight, transparency, and critical interpretation.

Keywords: ecosystem management; digital twin; generative AI; predictive ecology; environmental
decision support; machine learning; explainable AI

1. Introduction
1.1. Context and Motivation

Protected ecosystems worldwide face unprecedented pressures from climate change, habitat frag-
mentation, and intensifying anthropogenic activities [1,2]. The transition from reactive monitoring to
proactive, predictive management has become imperative for biodiversity conservation [3,4]. Doñana
National Park in southwestern Spain exemplifies this challenge: as a UNESCO World Heritage site
and critical wetland ecosystem hosting over 300 bird species, it experiences severe water stress, illegal
groundwater extraction, and climate-driven hydrological variability [5,6]. Traditional management
approaches, relying on periodic field surveys and retrospective analysis, are insufficient to anticipate
ecosystem state transitions or evaluate intervention scenarios before implementation [7,8].
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The ecological complexity of such systems (characterized by nonlinear dynamics, threshold effects,
and multi-scale interactions) demands sophisticated modeling frameworks capable of integrating
diverse data streams (meteorological, hydrological, biological) and generating actionable forecasts [9].
However, the technical knowledge required to construct and operate such models often limits their
practical implementation in conservation contexts [10,11].

1.2. State of the Art
1.2.1. Ecosystem Modeling and Digital Twins

Digital Twins (DTs), originating in engineering and manufacturing [12], have recently emerged
as promising tools for environmental science [13]. A Digital Twin is a virtual representation of a
physical system that continuously integrates real-world data to simulate current states and predict
future conditions [14]. In ecology, DTs have been proposed for forest management, urban ecosystems,
and marine environments, enabling scenario exploration and adaptive decision-making.

Recent work has demonstrated the feasibility of coupling process-based ecological models with
data-driven machine learning (ML) approaches to improve predictive accuracy [15]. Hybrid models
combining mechanistic understanding with statistical learning can capture both known ecological
processes and emergent patterns from observational data [16]. Time-series forecasting techniques,
including Autoregressive Integrated Moving Average (ARIMA), Seasonal ARIMA (SARIMA), and
ensemble methods such as Random Forest and Gradient Boosting (e.g., XGBoost), have shown efficacy
in predicting ecological variables like species abundance, water levels, and phenological events [17,18].

1.2.2. Machine Learning for Biodiversity Monitoring and Prediction

The application of ML to ecological forecasting has accelerated in recent years [19,20]. Supervised
learning algorithms have been successfully applied to predict species distributions [21], population
dynamics [22], and habitat suitability under climate scenarios [23]. Tree-based models (Decision Trees,
Random Forests) offer interpretability alongside predictive power, which is critical for gaining stake-
holder trust in conservation applications [24]. Boosting algorithms like XGBoost have demonstrated
superior performance in complex, high-dimensional ecological datasets [25].

Despite these advances, a persistent gap exists between model development in research settings
and operational deployment by environmental practitioners [10,26]. Conservation managers often
lack the technical expertise or computational resources to configure, execute, and interpret advanced
predictive models [27,28].

1.2.3. Generative AI for Scenario Analysis and Decision Support

The recent emergence of Large Language Models (LLMs) and generative AI has introduced new
possibilities for human-computer interaction in scientific workflows [29,30]. Generative AI systems
can interpret natural language queries, translate them into structured tasks, and synthesize outputs in
accessible formats [31,32]. In environmental science, applications have begun to explore generative AI
for literature synthesis [33], data annotation [34], and educational tools [35].

However, the integration of generative AI with predictive ecological models, specifically to enable
non-expert users to configure simulation scenarios conversationally, remains largely unexplored
[36]. This represents a significant opportunity: by bridging the gap between complex modeling
infrastructures and intuitive natural language interfaces, generative AI could democratize access to
advanced decision-support tools in conservation.

1.3. Research Gap and Proposed Solution

While Digital Twins and ML-based predictive models offer substantial potential for ecosystem
management, their practical utility is constrained by accessibility barriers. Configuring simulations
typically requires expertise in programming, model parameterization, and data preprocessing; skills
not commonly held by field ecologists, park managers, or policy-makers [10,11]. Existing Environmen-
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tal Decision Support Systems (EDSS) often present steep learning curves or rigid interfaces that do not
accommodate the exploratory, iterative nature of conservation planning [37,38].

This study proposes an architecture that addresses these limitations by integrating a generative
AI conversational interface with a configurable Digital Twin core. The system enables users to express
modeling intentions in natural language, such as selecting a target variable, changing preprocessing
options, choosing predictors, launching a training process, or generating predictions from an existing
model. The conversational agent maps these requests to a structured YAML configuration, invokes
predefined backend tools, and presents results through a dashboard-oriented workflow. In this paper,
the emphasis is on the accessibility, traceability, and interpretability of this configuration process.

1.4. Contributions

This work makes the following key contributions:

1. Conversational configuration of ecological modeling workflows: We present a generative AI
interface that allows users to configure the core of a conservation-oriented digital twin. It allows
to inspect, modify and validate, and persist a structured YAML file to configure the system
without directly editing code or complex files.

2. Configurable digital twin pipeline: We describe a modular prototype that connects data prepro-
cessing, target and feature selection, model training, prediction generation, traceability metadata,
and database-backed visualization in a reproducible workflow.

3. Explainability for conservation decision support: We incorporate SHAP-based feature attri-
bution for the trained models, enabling users to complement predictions with interpretable
information about the variables that most influence model outputs.

4. TRL-4 feasibility assessment in a National Park: We evaluate the system as a laboratory pro-
totype applied to a real conservation context, focusing on functional capability, agent-assisted
configuration, and qualitative usefulness rather than claiming operational predictive perfor-
mance.

1.5. Paper Structure

The remainder of this paper is organized as follows: Section 2 describes the study area, system
architecture, configurable modeling pipeline, conversational interface, and prototype infrastructure.
Section 3 presents a lightweight evaluation of the agent-assisted configuration workflow, selected
model training and prediction capabilities, SHAP-based interpretability, and traceability mechanisms.
Section 4 discusses the implications for accessible conservation modeling, the value of explainability,
and the limitations of the current TRL-4 prototype. Section 5 summarizes the main contributions and
outlines future work required for operational validation.

2. Materials and Methods
2.1. Study Area: Doñana National Park

Doñana National Park is located in southwestern Spain, at the estuary of the Guadalquivir river.
Covering approximately 54,252 hectares of marshland, dunes, and Mediterranean scrubland, Doñana
is recognized as a UNESCO World Heritage Site and Biosphere Reserve, hosting one of Europe’s most
important wetland ecosystems [5]. The park serves as a critical stopover for migratory birds along the
East Atlantic Flyway, supporting over 300 avian species and multiple threatened populations of the
Spanish Imperial Eagle (Aquila adalberti) and the Iberian Lynx (Lynx pardinus) [39].

Doñana faces multiple conservation challenges: intensive agriculture in surrounding areas drives
illegal groundwater extraction, depleting aquifers that sustain the marsh [40]. Climate change has
contributed to a decline in precipitation across much of the Iberian Peninsula, particularly during the
summer months, thereby exacerbating drought risk and water scarcity in southern Mediterranean
regions [41]; and anthropogenic pressures from tourism, infrastructure development, and pollution
threaten ecosystem integrity. These stressors make Doñana an ideal testbed for predictive conserva-
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tion technologies, as timely interventions informed by robust forecasting can significantly influence
management outcomes [6].

2.2. System Architecture Overview

The proposed architecture integrates four core modules (Figure 1): (1) D ata ingestion module,
responsible for acquiring and preprocessing heterogeneous environmental data; (2) Predictive engine
(digital twin core), which trains and deploys machine learning models to forecast ecosystem indica-
tors; (3) Conversational AI interface, enabling natural language-driven configuration of simulation
scenarios; and (4) Decision support dashboard, visualizing predictions and supporting adaptive man-
agement workflows. Each module operates as an independently deployable microservice, ensuring
modularity, fault isolation, and scalability [42].

Figure 1. System architecture diagram showing data flow from ingestion through storage and predictive modeling
to visualization. The Conversational AI Interface interprets user requests, the digital twin core trains ML models,
and Power BI presents interactive dashboards. All components communicate via RESTful APIs, with data
persistence in a PostgreSQL database.

2.3. Data Ingestion and Processing
2.3.1. Data Sources

The system integrates heterogeneous environmental, biological, and socio-demographic data
sources related to Doñana National Park and its surrounding municipalities. The selection of variables
was designed not only to support predictive modeling experiments, but also to increase the visibility
of emblematic species and conservation challenges associated with one of Europe’s most important
protected wetlands.

1. Meteorological and environmental data: Historical climate records were obtained from the
Spanish State Meteorological Agency (AEMET), including variables such as precipitation, tem-
perature, relative humidity, and wind speed from monitoring stations within and around Doñana
[43]. These data were complemented with measurements from the ICTS Doñana monitoring
infrastructure [44], including maximum, mean, and minimum values for air pressure, relative hu-
midity, air temperature, accumulated hail, hail duration, accumulated rainfall, rainfall duration,
soil temperature, water level, and water temperature.

2. Waterbird census data: Long-term bird census data were collected from the ICTS Doñana
infrastructure [45] for a set of iconic waterbird species selected for their ecological relevance
and their potential to communicate conservation challenges to a broader audience. The selected
species were Northern Pintail (Anas acuta), Greylag Goose (Anser anser), Black Stork (Ciconia
nigra), Black-tailed Godwit (Limosa limosa), Eurasian Wigeon (Mareca penelope), Greater Flamingo
(Phoenicopterus roseus), Eurasian Spoonbill (Platalea leucorodia), and Glossy Ibis (Plegadis falcinellus).
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These species provide a recognizable and policy-relevant biological layer for evaluating how the
Digital Twin can support conservation-oriented exploration [5,46].

3. Iberian lynx population data: Population indicators for the Iberian lynx (Lynx pardinus) in
Doñana were extracted from EBD-CSIC reports, including total individuals, reproductive females,
and cubs born. Unlike many species in Doñana that show declining or unstable trends, the
Iberian lynx is subject to an active reintroduction and recovery programme, which has produced
an upward population trend. Including this species therefore allows the system to represent a
contrasting conservation trajectory and to test how the Digital Twin handles species with different
ecological and management dynamics.

4. Socio-demographic data: Population data for municipalities surrounding the park were ob-
tained from the Spanish National Statistics Institute (INE) [47]. The selected municipalities
were Almonte, Hinojos, La Puebla del Río, and Aznalcázar. These data were incorporated to
complement environmental variables and to explore whether nearby human population size or
population density, calculated using municipal surface area, may be associated with changes in
the abundance of selected species.

2.3.2. Data Preprocessing Pipeline

Raw data were obtained from heterogeneous sources and formats, including tabular datasets,
spreadsheets, and published technical reports. The preprocessing pipeline, implemented in Python
3.11, performs the following operations:

Step 1: Data extraction and standardization. All datasets are converted to a common tabular
structure with standardized column names, date formats, temporal references, and measurement units.
While most meteorological, environmental, bird census, and socio-demographic data were available
in structured tabular formats, the Iberian lynx population indicators had to be manually extracted
from EBD-CSIC reports published since 2000. This manual extraction step was necessary because the
relevant information was embedded in document-based reports rather than consistently available as a
machine-readable time series.

Step 2: Temporal harmonization. The integrated dataset combines variables with different
temporal granularities, including daily environmental measurements, periodic bird censuses, annual
socio-demographic records, and irregularly reported lynx population indicators. These sources are
harmonized into modeling-ready time series according to the temporal frequency selected in the
Digital Twin configuration.

Step 3: Missing data imputation. To test the Digital Twin and enable model training across
heterogeneous sources, missing values were imputed using linear interpolation. This was particu-
larly important for variables that were not available annually, such as some Iberian lynx population
indicators extracted from reports. The resulting gaps made it difficult to apply time-series models
such as ARIMA directly without first generating continuous experimental series. Imputed values
were therefore used to support prototype testing and should be interpreted as part of the modeling
workflow validation, not as replacement for complete observational records.

Step 4: Feature engineering. Additional variables are derived to support predictive experiments.
Population density measures for nearby municipalities were calculated to enrich the dataset with
complementary socio-demographic information that may help explain variations in the selected
conservation variables. In contrast, lag features are generated only for the target variable selected in
the user-defined configuration during the configuration session. These lagged values are intended
to help non-time-series-specific models, such as Random Forest and XGBoost, incorporate temporal
dependencies when predicting the target variable.

Step 5: Data persistence. Cleaned and feature-enriched data are stored in a PostgreSQL relational
database hosted on AWS RDS, with tables organized by data type, including climate and environmental
variables, biological census records, Iberian lynx population indicators, socio-demographic variables,
model metadata, and prediction outputs [48].
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2.4. Predictive Engine: Digital Twin Core
2.4.1. Model Library

The Digital Twin’s predictive capability resides in a modular Python library encapsulating seven
supervised learning algorithms commonly used for time-series forecasting:

1. Moving average (MA): A baseline statistical model computing the arithmetic mean over a
sliding temporal window (default: 30 days). Despite its simplicity, MA provides a robust benchmark
for evaluating more complex models [49].

2. Linear regression (LR): Ordinary least squares regression modeling the target variable as a
linear combination of predictors. LR offers interpretability through coefficient inspection, but assumes
linearity and homoscedasticity [50].

3. Decision tree regressor (DTR): A non-parametric model partitioning feature space via recursive
binary splits. DTRs capture non-linear relationships and interactions but are prone to overfitting [51].

4. Random forest regressor (RFR): An ensemble of decision trees trained on bootstrap samples
with random feature subsets at each split. RFR reduces variance and improves generalization through
averaging [52].

5. XGBoost regressor (XGB): An optimized gradient boosting algorithm that sequentially trains
trees to correct residuals of prior models. XGBoost employs regularization (L1/L2 penalties) to prevent
overfitting and supports parallel computation [53].

6. Autoregressive integrated moving average (ARIMA): A univariate time-series model captur-
ing temporal autocorrelation through autoregressive (AR) and moving average (MA) components, with
differencing (I) to achieve stationarity [54]. Model orders (p, d, q) are selected via Akaike Information
Criterion (AIC) minimization.

7. Seasonal ARIMA (SARIMA): An extension of ARIMA incorporating seasonal patterns through
additional AR, MA, and differencing terms at the seasonal period (e.g., annual cycle: s=365 days)
[49]. SARIMA is particularly effective for variables exhibiting strong seasonality, such as waterbird
abundance.

All models are implemented using scikit-learn 1.3 (LR, DTR, RFR), xgboost 2.0 (XGB), and
statsmodels 0.14 (ARIMA, SARIMA) [53,55,56].

2.4.2. Training and Model Selection

Training proceeds as follows:
Data splitting. After the target variable is selected (e.g., flamingo count), the dataset is chrono-

logically divided into training, validation, and test sets to respect temporal ordering and avoid data
leakage [57]. The default percentages are 70%, 15% and 15%, although they are configurable by the
user through the agent.

Cross-validation. Time-series cross-validation (expanding window) is applied within the training
set to tune hyperparameters and assess stability [58]. Five folds are used, with each fold adding one
year of data to the training window.

Model training. All seven algorithms are trained on the same preprocessed features. For
univariate models (ARIMA, SARIMA, MA), only the target variable’s historical values and temporal
covariates are used. For multivariate models (LR, DTR, RFR, XGB), all available features (climate,
hydrology, lagged variables) serve as predictors.

Performance evaluation. Models are evaluated on the validation set using three metrics:

• Mean absolute error (MAE): MAE = 1
n ∑n

i=1 |yi − ŷi|

• Root mean squared error (RMSE): RMSE =
√

1
n ∑n

i=1(yi − ŷi)2

• Mean absolute percentage Error (MAPE): MAPE = 100%
n ∑n

i=1

∣∣∣ yi−ŷi
yi

∣∣∣
where yi denotes observed values and ŷi predicted values.
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Automatic model selection. The system ranks models by validation RMSE (primary criterion) and
MAE (tiebreaker). The best-performing model is serialized (Python pickle or joblib) and registered
with a unique identifier, timestamp, and metadata (hyperparameters, feature list) in the database.

2.4.3. Prediction Generation and Traceability

Once trained, models generate forecasts via two modes:
Historical backcasting: For validation, models predict over the test set, enabling comparison

with ground truth to assess generalization error.
Future forecasting: For operational use, models predict future states (e.g., water levels for the

next 30 days). Univariate models (ARIMA/SARIMA) require only the forecast horizon. Multivariate
models require future values of predictor variables, which need to be provided by the user (assumed
precipitation scenarios imputed using climatological normals or generated by other forecast models).

All predictions are timestamped and stored in the database for further analysis.

2.5. Conversational AI Architecture and Configuration Management

The conversational interface employs Google’s Gemini 2.5 Flash Lite, a large language model
optimized for low-latency, high-throughput applications [59]. Gemini 2.5 Flash Lite was selected
for its balance between contextual understanding, response generation quality, and computational
cost compared with larger variants such as Flash or Pro. The model is accessed through Google
Cloud’s Vertex AI API [65], enabling compliance with the European Union’s General Data Protection
Regulation (GDPR) concerning user-submitted data.

The interface is implemented using Chainlit, a Python framework for developing conversational
AI applications [60]. Chainlit provides session management, message history persistence, and user
interface components supporting rich media outputs such as plots and tables. The backend coordinates
interactions among the user, the Gemini model, and the Digital Twin API.

To ensure effective interaction, a structured prompt engineering strategy was developed to
facilitate accurate intent recognition and reliable system behavior. The prompt template consists
of three main components: (i) a static system prompt defining the agent’s role, capabilities, and
operational constraints; (ii) dynamic injection of the YAML configuration template, allowing the model
to identify editable parameters; and (iii) tool descriptions enabling function calling capabilities. Gemini
2.5 supports structured function invocation through JSON outputs [61], allowing the conversational
agent to execute predefined operations such as updating configurations, training new models using
the digital twin core, or generating predictions from existing models. Functions are registered using
JSON schemas specifying parameter types, constraints, and valid inputs.

The system maintains a YAML configuration file containing the parameters required for digital
twin operation, including data preprocessing options (e.g., imputation methods, scaling procedures,
and outlier detection strategies), target variables, predictive feature variables, time-series frequency
(daily, monthly, or annual), and the set of machine learning models used during the training phase.
Users can modify these configurations conversationally through the interface. When an update
request is received, the agent validates the proposed modification by checking parameter existence and
value constraints, presents the updated configuration to the user, and requests explicit confirmation
before applying persistent changes. This human-in-the-loop design reduces the risk of unintended
modifications caused by misinterpretation or ambiguous instructions [62].

2.6. Decision Support Dashboard and User Interaction Workflow

Predictions and model output are visualized in Microsoft Power BI, integrated through Microsoft
Fabric for cloud-hosted reporting [63]. The dashboard connects securely to the AWS RDS PostgreSQL
database through a gateway that enables multiple daily data updates. This infrastructure allows users
to analyze generated predictions alongside historical observations and supports data-driven decision
making when evaluating alternative conservation measures.
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The dashboard organizes information into several thematic report views according to data type
and modeling outputs. Environmental and climate data visualizations provide temporal analyses of
meteorological and environmental variables obtained from AEMET and the ICTS Doñana monitoring
infrastructure. These include precipitation, air temperature, relative humidity, air pressure, soil tem-
perature, water temperature, and water level measurements, enabling users to inspect environmental
trends and seasonal patterns.

Additional views focus on species population and census data for conservation-relevant species.
These include monitored waterbird populations from ICTS Doñana and Iberian lynx indicators ex-
tracted from EBD-CSIC reports, such as total individuals, reproductive females, and cubs born. The
dashboard enables users to examine long-term historical trends and compare the temporal evolution
of different species populations.

The platform also incorporates socio-demographic information from municipalities surrounding
Doñana, including Almonte, Hinojos, La Puebla del Río, and Aznalcázar. These visualizations provide
contextual information regarding nearby human population dynamics and derived indicators such as
population density, which can serve as complementary variables during exploratory modeling tasks.

Model prediction views display outputs generated by the trained machine learning models for
selected conservation indicators, particularly species population variables. These visualizations allow
users to compare predicted and historical values in an accessible format that facilitates interpretation
of model behavior and trends. In the current prototype, these predictions should be interpreted as
exploratory outputs of the modeling workflow rather than validated operational forecasts.

The overall interaction workflow combines the conversational interface with the dashboard
environment. Users begin by initiating a session through the Chainlit interface, where they receive a
welcome message and a summary of the current configuration. Natural-language requests can then
be submitted to configure predictive models, for example by specifying target species and selecting
environmental or socio-demographic explanatory variables. The conversational agent interprets the
request, proposes the corresponding configuration modifications, and requests explicit confirmation
before persisting any changes. Once confirmed, the backend triggers model training through the
Digital Twin API. After training is completed, the selected model, associated identifier, and diagnostic
metrics are returned to the user through the conversational interface. Users can subsequently generate
predictions and inspect the results either directly within the Chainlit interface through inline matplotlib
visualizations or through the Power BI dashboard, which serves as the primary reporting platform for
formal analysis and presentation purposes.

2.7. Implementation Details and Infrastructure
2.7.1. Prototype Deployment Architecture

The prototype was deployed using a cloud-based architecture intended to validate integration
among the conversational interface, backend services, relational storage, and dashboard layer. The
backend and Chainlit frontend were containerized and deployed on two services (agent and digital
twin engine) on AWS Fargate behind an Application Load Balancer. Environmental data, model
metadata, configuration records, and prediction outputs were persisted in PostgreSQL using Amazon
RDS. The dashboard layer connected to the PostgreSQL database to support inspection of historical
observations and generated predictions.

The deployment should be interpreted as a prototype deployment rather than a production-grade
operational infrastructure. Features such as autoscaling policies or long-term archival storage are
considered deployment extensions and are not treated as evaluated results in this study.

2.7.2. Software Stack

• Backend: Python 3.11, FastAPI 0.120.1, Psycopg2 2.9.10, Pandas 2.3.0, NumPy 1.26.4.
• Machine learning: scikit-learn 1.7.0, XGBoost 3.0.2, statsmodels 0.14.4, matplotlib 3.10.3, SHAP

0.49.1.
• Conversational AI: Chainlit 2.6.2, Google Generative AI SDK 1.26.0.
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• AI generated configuration validation: Pydantic 2.11.7.
• Containerization: Docker 29.0.2.
• Database: PostgreSQL 17.5.
• Deployment: AWS Copilot CLI for infrastructure-as-code (IaC) provisioning.

2.7.3. Evaluation Protocol

System validation follows a multi-criteria framework aligned with TRL-4 objectives: validating
key functions in a controlled environment before operational deployment [66]. The evaluation focuses
on four aspects:

Agent-assisted configuration. The conversational agent is evaluated on its ability to interpret
natural-language requests, update the YAML configuration, request clarification when needed, and
avoid persisting changes without user confirmation.

Pipeline execution. The Digital Twin core is evaluated through a small number of reproducible
training and prediction tasks, used to verify that the configured workflow executes end to end and
returns model metadata and outputs.

Explainability. SHAP values are generated for models, allowing users to inspect the relative
contribution of input variables to individual predictions or aggregate model behavior [64,68].

Traceability. Training runs and predictions are linked to configuration files, model identifiers,
timestamps, and data references, supporting auditability and reproducibility.

3. Results
3.1. Overview of Prototype Evaluation

The evaluation was designed to match the actual maturity and evidence available for the system.
The results focus on whether the prototype enables non-technical users to configure and execute
modeling workflows through a conversational interface. The validation therefore covers four dimen-
sions: agent-assisted configuration, execution of selected training and prediction tasks, SHAP-based
interpretation, and traceability of outputs.

This framing is consistent with a TRL-4 prototype, demonstrating successful integration of the dif-
ferent system components and validating the functional feasibility of the proposed architecture within
a controlled environment. The platform provides a robust foundation for interactive conservation-
oriented digital twin workflows in Doñana, enabling model training, prediction generation, and
integrated data exploration through conversational and dashboard-based interfaces. In this context,
the reported quantitative metrics should be interpreted as representative diagnostics of the imple-
mented modeling workflows and as evidence of the platform’s capability to support exploratory
ecological analysis and decision-support tasks.

3.2. Agent-Assisted Configuration Workflow

The main functional result of the prototype is the ability to use natural language to configure a
modeling workflow that would otherwise require direct manipulation of a YAML file. The config-
uration file defines the input dataset, date column, target variable, numerical predictors, train-test
split, preprocessing options, lagged features, correlation and VIF filters, scaling choices, prediction
horizon, enabled estimators, output directory, and database connection. By injecting this structure into
the conversational agent prompt, the system constrains the interaction to parameters that the Digital
Twin core can actually use.

Figure 2 illustrates how the agent exposes the active configuration to the user. This view makes
the modeling assumptions inspectable, including the selected target variable, numerical predictors,
preprocessing options, lagged features, enabled estimators, and output settings.
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Figure 2. Conversational display of the active Digital Twin configuration, including data, preprocessing, model,
and output parameters.

The agent supports the following operations:

• Displaying the current configuration and explaining editable fields;
• Updating one or more configuration parameters, such as the target variable, feature set, time

frequency, preprocessing method, or enabled models;
• Checking whether requested values are compatible with the known configuration structure;
• Asking for clarification when the request is ambiguous;
• Saving changes only after explicit user confirmation;
• Launching model training from the active configuration;
• Generating predictions from a trained model when the required model identifier and input

information are available;
• Reporting tool errors directly to the user instead of hiding failed execution.

A lightweight evaluation set of natural-language tasks was used to measure the agent’s behavior.
The task set covers configuration inspection, single-parameter edits, multi-parameter edits, model
selection, training requests, prediction requests, and ambiguous instructions. The measured metrics
are task completion rate, number of clarification turns, and response time. These metrics evaluate the
agent as a useful configuration interface.

Table 1. Evaluation results of the conversational configuration agent. Each task was tested with 20 different
prompts.

Task category Metric Interpretation
Configuration inspection Success rate: 90.0%, la-

tency: 2.3 s
Ability to expose the current YAML
state to non-technical users.

Single or multiple parameter updates Correct update rate:
95.0%, clarification
turns: 1.5 avg.

Ability to map natural language onto
valid configuration fields.

Training requests Execution success:
90.0%, returned meta-
data completeness:
100.0%

Ability to trigger the Digital Twin core
and report model identifiers and diag-
nostics.

Prediction requests Execution success:
90.0%, required inputs
requested: 100.0%

Ability to route prediction requests ac-
cording to model type and available
data.

Error handling Invalid changes
blocked: 100.0%, er-
rors reported: 100.0%

Ability to preserve human control and
avoid silent failures.
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3.3. Representative Configuration Scenario

Figure 3 illustrates the kind of interaction supported by the system. The first example consists
of a full configuration workflow. Its purpose is to show how the agent translates a user request into
structured parameters, confirms the relevant assumptions, and triggers backend tools.

This interaction exemplifies the system’s core value proposition: enabling non-technical users to
rapidly explore "what-if" scenarios without writing code or navigating complex GUIs. The agent’s
confirmatory prompts (parameter review before execution) implement human-in-the-loop safeguards,
reducing the risk of unintended simulations [62].

User: I want to train a model to predict the number of sighted individuals of the species Anas acuta using
precipitation, temperature, and the observations from the previous 2 years.

Agent: I can configure that workflow. I have updated the target variable, set the selected numerical
predictors, configured the lagged features, and used the estimators accumulated rainfall, rainfall
duration and soil temperature. Before saving, please confirm the configuration changes.

User: Save the configuration and train the model.

Agent: Training has been successfully completed. The model with the best results is: Model name:
RandomForestRegressor ID: 24 Metrics: MAE: 1.05 MAPE: 35.70 RMSE: 1.22 Is there anything
else I can help you with?

User: Generate predictions for the next year using the model with ID 24.

Agent: The predictions for next year are:
2025-01-01T00:00:00: 89
To provide greater clarity in analyzing the results, a dashboard powered by these predictions is
available and updated several times a day: [Power BI link]

Figure 3. Representative user-agent dialogue for conversational configuration, training, and prediction. The
example demonstrates the workflow and human-in-the-loop confirmation pattern, not a validated conservation
forecast.

A real execution of this workflow is shown in Figure 4. The interaction demonstrates how the
agent reports the selected model and diagnostic metrics, along with the generated prediction and an
inline plot in the same conversational environment.

Figure 4. Example of a workflow result in which the agent launched model training, reported the selected model
and diagnostic metrics, and generated a one-year-ahead prediction.
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Figure 5 shows an inline prediction generated by the agent for the Iberian lynx population
indicator. This example was selected because the Iberian lynx represents a high-profile conservation
case in Doñana and provides a contrasting trajectory relative to many other monitored species, due to
ongoing recovery and reintroduction efforts.

Figure 5. Inline prediction generated by the conversational agent for an Iberian lynx population indicator.
The figure illustrates the prototype’s ability to return both numerical and visual outputs directly within the
conversational workflow.

3.4. Selected Model Training and Prediction Runs

Table 2 summarizes several representative training runs executed using the Digital Twin core.
These examples include both mammal and bird population indicators and illustrate the system’s ability
to process the configured variables, train the enabled estimators, select a suitable model, and return
diagnostic metrics to the user through the conversational interface. The reported errors remain too
high to support operational forecasting, particularly given the limited availability, heterogeneity, and
temporal sparsity of some biological datasets. Nevertheless, the executions validate the main technical
objective of the prototype: enabling users to configure, launch, and inspect predictive modeling
workflows in a reproducible and accessible way. The results therefore support the system’s value as a
functional decision-support prototype while identifying predictive accuracy as a priority for future
work.

Table 2. Example of model training runs executed through the Digital Twin pipeline.

Target variable Training configuration Results
Iberian lynxes individu-
als

Features: target lags (1, 2, 5, and 10 years),
cubs born, mean temperature, mean precipi-
tation, and population of nearby municipali-
ties.

MAPE: 26.8%; RMSE: 0.80.

Selected model: XGBoost.

Anas acuta individuals Features: target lags (1, 2, 5, and 10 years),
mean precipitation, mean water temperature,
mean soil temperature, mean water level,
mean water temperature, and mean rainfall
duration.

MAPE: 54.15%; RMSE: 1.33.

Selected model: XGBoost.

Anser anser individuals Features: target lags (1, 2, 5, and 10 years),
mean precipitation, mean water temperature,
mean soil temperature, mean water level,
mean water temperature, and mean rainfall
duration.

MAPE: 36.76%; RMSE: 0.79.

Selected model: Decision-
TreeRegressor.
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Overall, the selected runs confirm that the Digital Twin pipeline can successfully execute end-
to-end training workflows for different conservation variables, including both mammal and bird
population indicators. In each case, the system was able to process the configured variables, train
the enabled estimators, select a suitable model, and return diagnostic metrics to the user through
the conversational interface. The obtained errors remain too high to support operational forecasting,
particularly given the limited availability, heterogeneity, and temporal sparsity of some biological
datasets. Nevertheless, these experiments validate the main technical objective of the prototype:
enabling users to configure, launch, and inspect predictive modeling workflows in a reproducible and
accessible way.

3.5. SHAP-Based Interpretability

A distinctive capability of the prototype is the integration of SHAP values for all models. SHAP
does not prove causal relationships, but it helps users inspect whether model predictions are influenced
by variables that are plausible from a conservation perspective. This is especially relevant in ecological
decision-support contexts, where a prediction without interpretability can be difficult for practitioners
to trust or challenge.

SHAP summaries can be used to identify which input variables contribute most to model outputs
across a dataset, while local explanations can show how variables contributed to an individual
prediction. In the Doñana use case, this allows users to examine whether variables such as precipitation,
temperature, lagged values of the target variable, or hydrological indicators are driving the model
behavior. Such interpretation supports model review, discussion with domain experts, and detection
of potentially spurious dependencies.

In one representative run of a model predicting lynx population, the highest mean absolute SHAP
values corresponded to lynx population lag 1, rainfall accumulated mean, and air temperature mean. These
outputs were used only to inspect model behaviour and were not interpreted as causal ecological
relationships.

The appropriate conclusion is therefore that SHAP makes model outputs more inspectable and
can help conservation practitioners understand and question predictions. Even though, it should not
be presented as evidence that the model has learned true ecological mechanisms.

3.6. Traceability and Dashboard Outputs

The prototype stores outputs with metadata that support later inspection. Training and prediction
records can be linked to the active configuration, model identifier, timestamp, selected variables,
preprocessing options, and result files. This traceability is important because conversational systems
can otherwise make it difficult to reconstruct how a result was produced.

The dashboard layer provides a practical interface for reviewing historical data and generated
predictions. In the current prototype, dashboard visualizations should be treated as decision-support
artifacts for exploration and communication, not as validated operational recommendations. Their
value lies allowing users who may not interact directly with Python scripts to review the modeling
workflow, model objects, or database tables.

Figure 6 provides an example of the dashboard layer connected to the prototype database. Al-
though the dashboard is not the main research contribution, it supports traceability and communication
by allowing users to inspect historical records, generated predictions, and model output outside the
conversational interface, allowing the analysis of trends that may affect the evolution of the variables
of interest.
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Figure 6. Example Power BI plots connected to the prototype database. The first view shows the population pro-
jections generated for the selected waterbird species. The second panel displays historical records of temperature
measurements at the different weather stations of the Doñana National Park.

4. Discussion
4.1. Interpretation of Findings

The prototype demonstrates that a generative AI interface can act as a practical configuration
layer for a conservation-oriented Digital Twin. Users can interact with the system through natural
language while the backend preserves a structured, reproducible configuration. This addresses a real
barrier in ecological modeling: many practitioners who could benefit from predictive tools are not
comfortable selecting model parameters, running training scripts, or editing configurations using files
or complex GUIs.

The evidence demonstrates the capability of the proposed system to support integrated ecological
modeling workflows within a coherent and operational TRL-4 prototype. The results highlight the suc-
cessful integration of conversational configuration, model execution, prediction generation, traceability,
and explainability into a unified framework, enabling seamless interaction between users, models, and
data sources. This integration establishes a strong foundation for extensible conservation-oriented dig-
ital twin systems that can be further developed and deployed in real-world environmental monitoring
contexts, including potential future use with real-time sensor data from protected natural reserves.
Overall, this section situates the findings within the broader context of conservation technology and
outlines their relevance for the advancement of data-driven environmental decision-support systems.

4.2. Conversational Configuration as Access Infrastructure

Traditional Environmental Decision Support Systems often require users to learn fixed interfaces,
domain-specific software, or scripting workflows [37,67]. By packaging state-of-the-art predictive
models within an intuitive, conversational interface, the proposed system directly addresses usability
barriers by allowing users to express modeling intentions in natural language while the agent maps
those intentions onto a constrained YAML schema. This is valuable because the configuration file
becomes both a machine-readable execution contract and a human-readable representation of modeling
assumptions.

The human-in-the-loop design is central to this contribution. The agent can propose changes,
but persistence requires confirmation. Tool errors are reported rather than hidden. Ambiguous
requests can be routed to clarification. These design choices are especially important in conservation
contexts, where model outputs can influence discussions about scarce resources, ecological risk, and
management priorities [62].

4.3. The Role of SHAP in Conservation-Oriented Modeling

SHAP-based explanations strengthen the prototype because they shift the interaction from simply
asking for predictions to interrogating model behavior. For conservation practitioners, knowing that a
model output changed slightly is often less useful than understanding which variables contributed to
that change. Feature attributions can support expert review, reveal unexpected dependencies, and
help communicate model behavior to stakeholders.
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However, SHAP must be used carefully. It explains the behavior of a trained model, not the
causal structure of the ecosystem. A variable with high SHAP importance may be a proxy, a correlated
measurement, or a consequence of data collection patterns. For this reason, SHAP outputs should be
presented as interpretability aids that support discussion and validation, not as ecological conclusions
in themselves [64,68].

4.4. Implications for Ecosystem Management

The system’s most immediate implication is not automated conservation decision-making, but
improved access to exploratory modeling. A park manager, analyst, or project partner can configure
variables, run models, inspect predictions, and review explanatory outputs without directly operating
the underlying code. This may accelerate hypothesis exploration, make modeling assumptions more
visible, and support communication between technical and non-technical stakeholders.

In future operational settings, such a system could contribute to adaptive management by making
use of private real-time sensor data, instead of relying on monthly aggregates or public datasets. The
training module could also benefit from incorporating better tools to explore hyperparameter spaces,
thus leading to better predictions. At the current maturity level, however, the prototype can be used
for experimentation, model training, and methodological development.

4.5. Comparison with Existing Approaches

Compared with conventional modeling workflows, the proposed approach emphasizes con-
figurability and accessibility. Rather than replacing established ecological models or specialized
Environmental Decision Support Systems, the conversational layer can be understood as an access
mechanism that helps users configure and operate modeling components. This distinction is impor-
tant: the system does not claim to outperform domain-specific hydrological or ecological models. Its
contribution lies in connecting configurable modeling, conversational interaction, database persistence,
dashboard visualization, and explainability in one prototype.

Compared with broader Digital Twin literature, this work contributes a concrete conservation-
oriented implementation pattern. It contributes to filling the gap in the implementation of digital
twins focused on ecosystem conservation by demonstrating feasibility in a complex, multi-stressor
ecosystem with heterogeneous data and high conservation stakes. The Digital Twin is not presented as
a fully autonomous virtual replica of Doñana, but as a configurable data-driven modeling environment
that can be updated, queried, and inspected, always keeping a human as a part of the process. This
approach mitigates potential risks associated with automated decision-making in an area as sensitive
as the protection of endangered species and natural areas of special importance.

4.6. Current Limitations

Several limitations remain. The prototype has been validated in a controlled setting and has not
yet been tested as part of routine park-management workflows. Field trials (TRL-5/6) are necessary to
assess performance under real circumstances. The user evaluation is also preliminary and should be
expanded with a group of conservation practitioners.

The digital twin engine is versatile and data-driven, but that also means it may capture correlations
without representing real ecological mechanisms. It also forecasts single variables independently,
ignoring cross-variable dependencies (e.g., how water level affects flamingo counts). Multivariate
time-series models (e.g., Vector Autoregression, Neural ODEs) could capture these interactions [71,72].
Moreover, the models capture correlations but do not explicitly encode ecological processes (e.g.,
nutrient cycling, predator-prey dynamics). Hybrid models combining mechanistic equations with ML
could improve interpretability and extrapolation [15,70].

4.7. Future Research Directions

Future work should address the following directions:
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• Expanded predictive validation: Predictive experiments should be reproduced on selected
conservation variables using richer and more complex datasets. This would allow the system to
be evaluated against specific conservation problems and would help determine where the current
modeling pipeline is useful, where errors remain too high, and which variables or data sources
are needed to improve performance.

• Integration of remote sensing data: Incorporating satellite-derived data, such as Sentinel-2
vegetation indices or Sentinel-1 soil moisture indicators, could improve spatial resolution and
predictive capacity [75,76]. Recent advances in geospatial AI could also support automated
feature extraction from imagery [77].

• End-user validation and participatory design: The system should be tested with park man-
agers, conservation practitioners, and other end users to validate usability, trust, and practical
value. Participatory modeling workshops could help refine the interface, identify real decision-
making needs, and complement quantitative predictions with qualitative expertise from local
stakeholders.

• Domain-aware conversational agent: The agent should be extended with domain-specific knowl-
edge to improve its ability to guide users, interpret modeling outputs, and identify potential
limitations in the results. Retrieval-Augmented Generation (RAG) could be used to incorporate
technical documents, project documentation, ecological references, and operational guidelines
into the agent’s responses.

• Controlled field deployment and long-term monitoring: Moving beyond TRL-4 will require
deployment in a controlled operational setting within Doñana National Park. Longitudinal
studies would be needed to assess how the system integrates into daily workflows, how users
rely on its outputs over time, and whether it has measurable effects on decision-making processes
or conservation outcomes [74].

5. Conclusions
This paper presents a TRL-4 prototype that integrates a configurable Digital Twin core with

a generative AI conversational interface for conservation-oriented modeling in Doñana National
Park. The main contribution of this work is a practical architecture that makes ecological modeling
workflows easier to configure, execute, inspect, and explain. Rather than requiring users to directly
edit configuration files or operate machine-learning scripts, the system allows them to interact with a
structured modeling pipeline through natural language.

The prototype demonstrates several advances for conservation technology. First, it provides
a modular, cloud-native framework based on AWS Fargate, Amazon RDS, Docker, and dashboard-
based visualization, supporting reproducibility, scalability, and maintainability. Second, it connects
conversational interaction with a structured YAML configuration, enabling users to select target
variables, define explanatory variables, configure preprocessing options, launch model training,
generate predictions, and review outputs through database-backed dashboards. Third, it incorporates
traceability mechanisms that link predictions to input data, model identifiers, and configuration
metadata. Fourth, it adds an interpretability layer through SHAP values, allowing users to examine
which variables influence model behaviour and supporting a more transparent dialogue between data
scientists and conservation practitioners.

These contributions are relevant because they address one of the persistent barriers to the adoption
of predictive modeling in conservation: accessibility. The system does not replace ecological expertise,
but it reduces the technical friction involved in configuring and exploring models. In doing so, it
can help non-technical stakeholders engage more directly with data-driven analyses, compare model-
ing assumptions, inspect results, and participate in more informed discussions about conservation
scenarios.

The system’s design philosophy, positioning AI as a decision-support tool rather than an au-
tonomous decision-maker, reflects a commitment to preserving human judgment and professional
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expertise while augmenting analytical capacity [62]. Human-in-the-loop safeguards (parameter con-
firmation prompts, transparency through SHAP feature importance, comprehensive audit trails)
operationalize principles of responsible AI deployment in high-stakes environmental contexts [68,69].

As we confront accelerating biodiversity loss and climate disruption, the urgency of equipping
conservation practitioners with advanced analytical tools has never been greater. This study offers
evidence that conversational Digital Twins can become valuable access infrastructure for conservation
modeling. The Doñana prototype is a meaningful step toward making predictive and explainable
modeling tools more transparent, configurable, and usable by the people who need them. By combining
generative AI, cloud infrastructure, traceable machine-learning workflows, dashboard visualization,
and SHAP-based interpretability, the system provides a strong foundation for future decision-support
tools that augment expert judgment rather than replace it. Looking ahead, the main challenge lies
in ensuring that predictions remain relevant to specific problems and are integrated into existing
conservation efforts. In this endeavor, every innovation must be guided by a singular imperative:
serving the flourishing of life on Earth.

Author Contributions: Conceptualization, E.S.-O. and E.W.-S.; methodology, A.C.-R., M.Á.G.-E. and P.V.-M.;
software, I.D.G.-R. and A.C.-R.; validation, M.Á.G.-E. and P.V.-M.; writing-original draft preparation, A.C.-R. and
E.S.-O. All authors have read and agreed to the published version of the manuscript.

Funding: This work has been carried out within the framework of the Spain Living Lab project (Grant Reference
1/1/2024-0412093852— SLLC16-01), funded by the Canarian Agency for Research, Innovation and the Information
Society (ACIISI), Department of Universities, Science, Innovation and Culture of the Government of the Canary
Islands, under the RETECH Programme, contributing to milestones 251, 252 and 253 of Component 16 of the
Recovery, Transformation and Resilience Plan (PRTR), and co-funded by the European Union—Next Generation
EU.

Data Availability Statement: The data and code supporting the findings of this study are available from the
corresponding author (coordinacionit@canariaslivinglab.org) upon reasonable request.

Conflicts of Interest: Authors Pablo Vicente-Martínez, Adrián Chust-Ros and Ismerai David Gutiérrez-Rodríguez
were employed by the company SPV Scala. The remaining authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Appendix A. System Prompt and Configuration
Appendix A.1. Configuration Agent System Prompt

The following appendix presents the operational instructions used to guide the functional be-
havior of the dialogue system. These instructions define the agent’s persona, authorized operations,
and procedural constraints, thereby ensuring coherent and systematic performance across the inte-
grated framework. The original prompt was written in Spanish and has been translated to facilitate
comprehension.

Listing A1: Agent System Prompt

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)
- Update a configuration parameter
- Update multiple configuration parameters
- View the configuration file structure
- Save changes
- Train models. The function trains various models and returns the model with the best
results/metrics
- Make predictions using a trained model

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 May 2026 doi:10.20944/preprints202605.2046.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.2046.v1
http://creativecommons.org/licenses/by/4.0/


18 of 23

- Provide SHAP values or feature-importance explanations for trained models, helping
users inspect which variables most influence model outputs.

Instructions:
- Use the tools when necessary.
- Display the current configuration settings to the user when requested.
- Report any changes made and ask the user 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.
- When the user asks you to train a model, use the ‘train_model_tool‘ function with the
configuration information. Respond with the information it returns (model name, ID,
metrics, etc.). If an error occurs, inform the user of the error.
- If the user wants to change the training CSV, ask them to attach the new CSV. You will
need to modify the configuration path (project.data.path) to the new path where the
attached CSV is saved.
- Make predictions using a trained model. Ask the user for the ID of the model they want
to use for predictions. If the model is ARIMA or SARIMA, you only need the user to
provide the time units (steps); if it is a different model, you need the user to provide
the CSV file. Your response should consist solely of the predictions. Do not show the
user the path where the image is saved.
- When providing SHAP values, remind the user that they explain the behavior of the
trained model, not causal relationships in the ecosystem, and that results should be
interpreted with domain expertise.

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 present the final result.
- Be proactive; don’t force the user to confirm every detail unless you have serious
doubts.

Configuration structure:
{config_structure}

Use the available tools when necessary and always explain the changes you make.

Appendix A.2. Default Configuration File

The following file template illustrates the default values of the parameters to configure the
simulations. This specification establishes the number of agents simulated, the opening hours of the
points of interest and other relevant parameters

Listing A2: Digital twin core configuration file

project:
name: Example
data:

path: "path/to/file.csv"
split_ratio: 0.8

# --- CSV Format Settings ---
csv_sep: ","
decimal_sep: "."
encoding: "utf-8"

# --- Column Definitions ---
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date_column: "date_column_name"
date_format: "%Y-%m-%d"
target_variable: "target_column_name"
numerical_columns:

[
"column_name_1",
"column_name_2",
"column_name_3",

]

preprocessing:
aggregation_method: "last"
missing_value_method: linear_interpolation
apply_outlier: true

# Feature engineering
lagged_features: [1, 2]
apply_correlation: true
apply_vif: true

# Scaling options
x_scaling: "standard"
y_scaling: "standard"
frequency_options: "D"
n_periods: 30

results:
output_dir: "path/to/results/"
filename: "filename.csv"

models:
estimators:

default:
- MovingAverageModel
- LinearRegression
- DecisionTreeRegressor
- RandomForestRegressor
- XGBRegressor
- StatsmodelsARIMAModel
- StatsmodelsSARIMAModel

database:
postgres_database_name
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