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Abstract

This study explores the integration of machine learning techniques with traditional predator-prey models to enhance
their predictive accuracy and applicability in complex ecological systems. We compare the performance of classical
Lotka-Volterra equations with machine learning-enhanced models, including artificial neural networks (ANNs) and
support vector machines (SVMs). Using both simulated and real-world data from a wolf-moose ecosystem, we
demonstrate that machine learning approaches can significantly improve the accuracy of population dynamics
predictions, especially in scenarios with multiple environmental variables. Our results show that ANN-enhanced
models outperform traditional methods by 15-20% in predicting population fluctuations over extended periods.
This research contributes to the growing field of computational ecology and offers new tools for wildlife
management and conservation efforts.

Keywords: predator-prey models, machine learning, artificial neural networks, support vector machines,
ecological modeling

1. Introduction

Predator-prey relationships are fundamental to understanding ecosystem dynamics and have been a central focus
of ecological research for decades. Traditional mathematical models, such as the Lotka-Volterra equations, have
provided valuable insights into the basic principles governing these interactions. However, these models often
struggle to capture the complexity of real-world ecosystems, where multiple factors influence population dynamics
simultaneously. Recent advancements in machine learning (ML) offer new opportunities to enhance the predictive
power and applicability of ecological models. By leveraging the ability of ML algorithms to identify patterns in
complex, high-dimensional data, we can potentially overcome some of the limitations of traditional predator-prey
models.
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This study aims to:

1. Compare the performance of traditional Lotka-Volterra models with ML-enhanced approaches in predicting
predator-prey dynamics.

2. Evaluate the effectiveness of different ML techniques, specifically Artificial Neural Networks (ANNs) and
Support Vector Machines (SVMs), in improving model accuracy.

3. Assess the robustness of ML-enhanced models when applied to real-world ecological data.

By addressing these objectives, we seek to contribute to the growing field of computational ecology and provide
insights into the potential of ML techniques for enhancing our understanding and management of complex
ecosystems.

2. Literature Review
2.1 Traditional Predator-Prey Models

The foundation of predator-prey modeling lies in the Lotka-Volterra equations, independently developed by Alfred
Lotka (1920) and Vito Volterra (1926). These equations describe the basic dynamics of two interacting populations:

dN/dt = aN - BNP

dP/dt = NP — yP

Where N is the prey population, P is the predator population, and a, B, 9, and y are parameters representing birth,
predation, predator efficiency, and predator death rates, respectively (Lotka, 1920; Volterra, 1926).

While foundational, these models have limitations. They assume constant environmental conditions and do not
account for factors such as carrying capacity, predator satiation, or environmental stochasticity (Berryman, 1992).

Subsequent refinements, such as the Rosenzweig-MacArthur model (Rosenzweig & MacArthur, 1963),
incorporated additional complexity:

dN/dt = rN(1 - N/K) - (aNP)/(B + N)
dP/dt = e(aNP)/(B + N) - mP

Where r is the prey's intrinsic growth rate, K is the carrying capacity, a is the predator’s attack rate, B is the half-
saturation constant, e is the conversion efficiency, and m is the predator's mortality rate.

Despite these improvements, traditional models still struggle with complex, multi-variable ecosystems (Jorgensen,
2009).
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2.2 Machine Learning in Ecological Modeling

Machine learning techniques have gained traction in ecological modeling due to their ability to handle complex,
non-linear relationships in data (Olden et al., 2008).

Acrtificial Neural Networks (ANNSs) have shown promise in modeling ecological systems. Derot et al. (2020)
demonstrated the use of ANNSs in predicting phytoplankton dynamics, outperforming traditional time-series models.
Similarly, Chen & Mynett (2003) applied ANNs to model fish stock-recruitment relationships, showing improved
accuracy over conventional models.

Support Vector Machines (SVMs) have also been applied successfully in ecological contexts. Drake et al. (2006)
used SVMs to predict species distributions, demonstrating their effectiveness in handling high-dimensional
environmental data.

2.3 Hybrid Approaches

Recent studies have explored hybrid approaches that combine traditional ecological models with ML technigues.
For instance, Rackauckas et al. (2020) introduced a method of using neural networks to discover missing terms in
differential equations, potentially enhancing the accuracy of mechanistic models. Perretti et al. (2013) compared
the forecasting performance of nonlinear ecological models with that of ML methods, finding that in many cases,
ML approaches outperformed traditional models in short-term forecasts.

This literature review reveals a growing trend towards integrating ML techniques with ecological modeling.
However, there remains a gap in comprehensively comparing these approaches in the specific context of predator-
prey dynamics, which this study aims to address.

3. Methodology
3.1 Data Collection and Preparation
We used two datasets for this study:

1. Simulated Data: We generated a synthetic dataset using the Rosenzweig-MacArthur model with added noise to
simulate real-world variability. This dataset included 10,000 time steps with varying environmental parameters.

2. Real-world Data: We obtained long-term data from the wolf-moose study in Isle Royale National Park,
spanning 60 years (Peterson et al., 2020). This dataset included population counts, climate variables, and
vegetation indices.

3.2 Model Development

We developed and compared four models:

1. Traditional Lotka-Volterra (LV)
2. Rosenzweig-MacArthur (RM)
3. Atrtificial Neural Network (ANN)
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4. Support Vector Machine (SVM)
3.2.1 Traditional Models

The LV and RM models were implemented using the differential equations described in the literature review.
Parameters were estimated using maximum likelihood estimation.

3.2.2 Machine Learning Models

For the ANN model, we used a feedforward neural network with three hidden layers. The input features included
current population sizes and environmental variables. The output was the predicted population sizes for the next
time step.

The SVM model used a radial basis function kernel. Like the ANN, it took current population sizes and
environmental variables as inputs and predicted future population sizes.

3.3 Model Training and Evaluation

We split both datasets into training (80%) and testing (20%) sets. For the simulated data, we used cross-validation
to tune hyperparameters. For the real-world data, we used a rolling window approach to account for the time series
nature of the data.

We evaluated model performance using the following metrics:

1. Mean Absolute Error (MAE)

2. Root Mean Square Error (RMSE)

3. R-squared (R?)

3.4 Comparative Analysis

We compared the performance of all four models on both datasets. For the simulated data, we also analyzed how

model performance changed with increasing environmental complexity by gradually adding more variables to the
simulation.

4, Results
4.1 Performance on Simulated Data

Table 1 shows the performance metrics for all four models on the simulated dataset.
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Table 1: Model Performance on Simulated Data

Model MAE

LV 0.245 1 0.312 | 0.68

RM 0.187 | 0.241 | 0.79

ANN | 0.103 0.135 | 094

SVM |[0.118 | 0.152 | 0.92

The ANN model demonstrated the best performance across all metrics, followed closely by the SVM model. Both
ML models significantly outperformed the traditional LV and RM models.

Figure 1 illustrates how model performance changed as we increased the number of environmental variables
in the simulation.

Model Performance vs. Environmental Complexity
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The ML models, particularly the ANN, showed more stable performance as complexity increased, while the
traditional models' performance degraded more rapidly.
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4.2 Performance on Real-world Data
Table 2 presents the performance metrics for all models on the Isle Royale wolf-moose dataset.

Table 2: Model Performance on Isle Royale Data

Model MAE

LV 0.312  0.389 | 0.57

RM 0.275 | 0.342 | 0.64

ANN | 0.198 0.246 | 0.83

SVM |[0.223 | 0.278 | 0.79

Again, the ML models outperformed the traditional models, with the ANN showing the best performance. However,
the gap between ML and traditional models was smaller than in the simulated data.

Figure 2 shows the predicted vs. observed population trajectories for wolves over a 10-year period.
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The ANN model most closely tracked the actual population dynamics, particularly during periods of rapid change.
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4.3 Model Interpretability

While the ML models demonstrated superior predictive performance, they lacked the clear mechanistic
interpretability of the traditional models. To address this, we conducted a sensitivity analysis on the ANN model to
understand the relative importance of different input variables.

Table 3 shows the sensitivity of the ANN model to various input features.

Table 3: ANN Sensitivity Analysis

Input Feature Sensitivity

Prey Population 0.42

Predator Population 0.38

Winter Severity 0.12

Summer Temperature | 0.05

Vegetation Index 0.03

This analysis revealed that while population sizes remained the most influential factors, environmental variables
also played significant roles in the model's predictions.

5. Discussion

Our results demonstrate that machine learning techniques, particularly ANNSs, can significantly enhance the
predictive accuracy of predator-prey models. This improvement is especially pronounced in complex scenarios with
multiple environmental variables, where traditional models often struggle. The superior performance of ML models
on both simulated and real-world data suggests that these approaches can capture subtle, non-linear relationships
that are difficult to express in closed-form equations. This capability is particularly valuable in ecological systems,
where multiple factors interact in complex ways to influence population dynamics.

However, it's important to note that the improved predictive power of ML models comes at the cost of reduced
mechanistic interpretability. While our sensitivity analysis provided some insights into the relative importance of
different variables, the internal workings of ANNs and SVMs are less transparent than those of traditional
differential equation models. The smaller performance gap between ML and traditional models in the real-world
dataset compared to the simulated data highlights an important point: while ML models can extract patterns from
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complex data, they are still constrained by the quality and comprehensiveness of the available data. In real-world
scenarios, where data may be noisy or incomplete, the advantage of ML approaches may be less pronounced.

Our findings have several implications for ecological modeling and wildlife management:

1. ML-enhanced models could provide more accurate predictions for conservation planning and resource
management, especially in complex ecosystems.

2. The ability of ML models to handle multiple variables efficiently could allow for the incorporation of more
diverse data sources, including remote sensing data, in ecological forecasting.

3. The combination of ML techniques with traditional mechanistic models (as in the hybrid approaches mentioned
in the literature review) could offer a promising direction for future research, potentially offering both improved
accuracy and interpretability.

6. Conclusion

This study demonstrates the potential of machine learning techniques, particularly Artificial Neural Networks, to
enhance the predictive power of predator-prey models. By comparing traditional differential equation models with
ML-enhanced approaches, we have shown that ML models can significantly improve predictive accuracy,
especially in complex ecological scenarios.

Key findings include:

1. ML models (ANN and SVM) consistently outperformed traditional models (LV and RM) in both simulated and
real-world datasets.

2. The performance advantage of ML models was more pronounced in scenarios with multiple environmental
variables.

3. ANNs showed the best overall performance, followed closely by SVMs.

4. While ML models offered improved predictive power, they lacked the mechanistic interpretability of traditional
models.

These results suggest that integrating ML techniques into ecological modeling could significantly enhance our
ability to predict and manage complex ecosystem dynamics. However, the trade-off between predictive power and
mechanistic understanding highlights the need for careful consideration in model selection and interpretation.

Future research directions could include:

1. Developing hybrid models that combine the predictive power of ML with the interpretability of mechanistic
models.

2. Exploring the use of explainable Al techniques to improve the interpretability of ML models in ecological
contexts.

3. Investigating the performance of ML-enhanced models across a wider range of ecosystems and timescales.

In conclusion, while traditional predator-prey models remain valuable for their mechanistic insights, the integration
of machine learning techniques offers a promising path toward more accurate and flexible ecological modeling
tools.
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