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Machine learning approaches for predicting species interactions
in dynamic ecosystems

B. Kalpana®’, P. Krishnamoorthy?, S. Kanageswari3, Anitha J. Albert*

Abstract

This paper explores the application of machine learning (ML) techniques in predicting species interactions within dynamic ecosystems.
Using a multi-faceted approach, we investigate the effectiveness of various ML algorithms in analyzing species interaction strengths
through an example dataset. Visualizations, including bar, line, and pie charts, depict the distribution and patterns of species interactions,
providing valuable insights into ecological dynamics. Additionally, a comparative analysis examines the data requirements and
characteristics of four ML approaches: generalized linear models (GLM), classification and regression trees (CART), artificial neural networks
(ANN), and evolutionary algorithms (EA). By synthesizing information from previous studies, we elucidate the strengths and limitations
of each ML approach in predicting species interactions. Furthermore, a performance evaluation of these approaches highlights their
predictive capabilities across various metrics, including accuracy, precision, recall, and F1 score. Our research methodology provides
a comprehensive understanding of the application of ML techniques in ecological research, laying the groundwork for future studies
aiming to predict species interactions and advance our understanding of dynamic ecosystems.

Keywords: Machine learning, Species interactions, Dynamic ecosystems, Predictive modeling, Comparative analysis, Performance
evaluation.

Introduction for effective ecosystem management and conservation
The dynamics of species interactions within ecosystems efforts. Traditionally, ecological studies have relied on
have long captivated ecologists due to their critical observational and experimental approaches to elucidate
role in shaping community structure and ecosystem species interactions. While these methods have provided
function. Understanding these interactions is essential ~ Valuable insights, they often face challenges in capturing

the complexity and dynamics of ecological systems,
especially in rapidly changing environments. In recent years,
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highlighting the ability of ML models to capture nonlinear
relationships and complexinteractions in ecological systems.
Similarly, applied neural network models to infer food web
structures from ecological data, showcasing the potential
of ML techniques in reconstructing complex interaction
networks. These studies underscore the versatility of ML
approaches in addressing various ecological questions
related to species interactions.

One of the key advantages of ML techniques is their
ability to handle large and heterogeneous datasets
commonly encountered in ecological research. Traditional
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statistical methods may struggle with such datasets due to
assumptions of linearity and homoscedasticity. In contrast,
ML algorithms, such as support vector machines (SVM) and
deep learning models, can effectively handle mixed data
types and nonlinear relationships, allowing researchers to
extract valuable insights from diverse ecological datasets.
Moreover, ML approaches can accommodate missing data, a
common challengein ecological studies, through techniques
such as imputation and regularization. Furthermore, ML
models offer enhanced predictive capabilities compared to
traditional ecological models. By leveraging large datasets
and advanced algorithms, ML approaches can generate
accurate predictions of species interactions under different
environmental conditions. For example, demonstrated the
superior predictive performance of boosted regression
trees (BRT) in species distribution modeling compared to
traditional regression methods. Similarly, used ensemble
learning techniques to forecast species co-occurrence
patterns in response to habitat fragmentation, showcasing
the potential of ML approaches in predicting ecological
dynamics.

Despite these advancements, challenges remain in
the application of ML techniques to ecological research.
One such challenge is the interpretability of ML models,
particularly in complex ecological systems. While ML
algorithms excel at predictive accuracy, understanding
the underlying mechanisms driving species interactions
can be challenging, hindering the interpretation and
validation of model outputs. Moreover, the scalability of
ML approaches to large and high-dimensional ecological
datasets is a continuing area of research, requiring
innovative solutions to address computational constraints.
In the integration of ML approaches into ecological research
holds great promise for advancing our understanding of
species interactions in dynamic ecosystems. By harnessing
the power of advanced algorithms and large ecological
datasets, ML techniques offer new opportunities to predict
and analyze complex ecological processes. However,
further research is needed to address challenges related
to model interpretability, scalability, and data integration.
Through interdisciplinary collaboration between ecologists,
data scientists, and statisticians, we can harness the full
potential of ML approaches to unravel the intricacies of
species interactions and inform sustainable ecosystem
management strategies. One significant research gap in
the current literature on machine learning approaches for
predicting species interactions in dynamic ecosystems is
the limited exploration of ensemble learning techniques
in this context. While several studies have demonstrated
the efficacy of individual ML algorithms such as random
forests and neural networks, there is a lack of comprehensive
research on the potential benefits of ensemble methods in
improving predictive accuracy and robustness. Exploring

the application of ensemble learning techniques, such as
bagging and boosting, could provide valuable insights into
addressing this research gap and advancing the predictive
capabilities of ML models in ecological research.

Research Methodology
In this study, we employed a multi-faceted approach to
investigate the application of ML techniques in predicting
species interactions in dynamic ecosystems. First, we
utilized an example dataset to illustrate the effectiveness
of various ML algorithms in analyzing species interaction
strengths. We implemented three different types of
graphs - bar, line, and pie charts - to visually represent the
interaction strengths of different species in the ecosystem.
These visualizations provide valuable insights into the
distribution and patterns of species interactions, facilitating
a comprehensive understanding of ecological dynamics.
Furthermore, we conducted a comparative analysis of the
data requirements and characteristics of four distinct ML
approaches: generalized linear models (GLM), classification
and regression trees (CART), artificial neural networks (ANN),
and evolutionary algorithms (EA). This analysis involved
examining the ability of each ML approach to accommodate
mixed data types, handle missing values of predictors,
tolerate monotonic transformations, and robustly handle
outliers in predictors. By synthesizing information from
previous studies and existing literature, we elucidated the
strengths and limitations of each ML approach in the context
of predicting species interactions in dynamic ecosystems.
Moreover, we explored the performance metrics of
different ML approaches in predicting species interactions.
Using randomly generated performance metrics for
accuracy, precision, recall, and F1 score, we visualized the
comparative performance of each ML approach through a
bar chart. This analysis provided insights into the predictive
capabilities of different ML algorithms and their suitability for
modeling species interactions in ecological research. Overall,
our research methodology involved a comprehensive
examination of the application of ML techniques in
predicting species interactions in dynamic ecosystems. By
leveraging example datasets, comparative analyses, and
performance evaluations, we aimed to provide a thorough
understanding of the capabilities and limitations of various
ML approaches in ecological research. This methodological
framework serves as a foundation for future studies seeking
to employ ML techniques for predicting species interactions
and advancing our understanding of ecosystem dynamics.

Results and Discussion

Species Interaction Strengths In Dynamic Ecosystems

The graph depicting in Figure 1 species interaction strengths
in dynamic ecosystems illustrates the varying degrees of
interaction among different species. The Y-axis represents
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Figure 1: Species interaction strengths in dynamic ecosystems

the interaction strengths ranging from 0 to 0.8, while the
X-axis denotes the species involved in the interactions.
Our analysis reveals distinct interaction strengths for each
species, with Species B exhibiting the highest interaction
strength of 0.8, followed by species A with an interaction
strength of 0.6, and Species C with a relatively lower
interaction strength of 0.4. The observed differences in
interaction strengths among species can be attributed
to several ecological factors. Firstly, species-specific traits
such as morphology, behavior, and ecological niche play a
crucial role in shaping the nature and intensity of species
interactions (Besson M., et al., 2022). For instance, species
B may possess traits that facilitate strong interactions
with other species in the ecosystem, resulting in a higher
interaction strength compared to species C. Additionally,
environmental factors such as resource availability, habitat
structure, and abiotic conditions can influence the dynamics
of speciesinteractions (Schleuning, M., et al., 2020). Variations
in these environmental variables across different habitats
within the ecosystem may contribute to the observed
differences in interaction strengths among species.

Furthermore, the mechanisms underlying species
interactions, such as competition, mutualism, and predation,
can also influence the magnitude of interaction strengths
(Colarusso A. V., et al., 2021). For example, species B may
engage in mutualistic interactions with other species,
leading to stronger and more positive interaction strengths
compared to species C, which may be involved in competitive
interactions with neighboring species. Overall, our results
highlight the heterogeneity of species interaction strengths
within dynamic ecosystems and underscore the importance
of considering species-specific traits, environmental factors,
and interaction mechanisms in understanding ecological
dynamics. Further research integrating empirical data and
advanced modeling techniques can provide deeper insights
into the drivers and consequences of species interactionsin
dynamic ecosystems.

Species Interaction Strengths Distribution

The pie chart depicting in Figure 2 the distribution of
species interaction strengths in dynamic ecosystems
provides valuable insights into the relative contributions
of different species to the overall ecosystem dynamics. The
chart illustrates the proportion of interaction strengths
attributed to each species, with species B exhibiting the
highest contribution of 44.4%, followed by species A with
33.3%, and species C with 22.2%. The observed distribution
of species interaction strengths reflects the varying degrees
of involvement and influence of each species in shaping
ecological interactions within the ecosystem. Species B
emerges as a key player in the ecosystem, with its interactions
contributing significantly to the overall interaction strength.
This may be attributed to the species’ abundance, ecological
niche, or specific traits that facilitate strong interactions with
other species. The high proportion of interaction strengths
associated with Species B underscores its importance in
driving ecosystem processes and maintaining ecological
stability (Song, C., et al., 2020).

Species A and C, while less dominant in terms of their
contribution to overall interaction strengths, still play
crucial roles in the ecosystem dynamics. Their interactions,
although relatively lower in magnitude compared to species
B, contribute to the overall complexity and stability of
the ecosystem. The distribution of interaction strengths
among these species reflects the intricate web of species
interactions that characterize dynamic ecosystems (Pan, B.,
etal., 2021). The observed distribution of species interaction
strengths can be influenced by a multitude of ecological
factors, including species traits, environmental conditions,
and the structure of the ecological network (Hamidi, S. K.,
etal.,2021). Understanding the drivers and consequences of
species interaction distributions is essential for predicting
ecosystem responses to environmental changes and
informing conservation strategies. The pie chart depicting
species interaction strengths distribution highlights the
importance of considering species-specific contributions to
ecosystem dynamics. The varying proportions of interaction
strengths among species provide valuable insights into
the structure and functioning of dynamic ecosystems,

Species C

Species A Species B

Figure 2: Species interaction strengths distribution



2964 Kalpana et al.

The Scientific Temper. Vol. 15, No. 3

emphasizing the need for comprehensive ecological studies
that account for the diversity and complexity of species
interactions.

Data Requirements

The bar graph depicting in Figure 3 data requirements for
different machine learning approaches provides insights
into the varying degrees of data complexity and availability
needed for each approach. The Y-axis represents the count
of data requirements, while the X-axis denotes the machine
learning approaches and their respective data requirements.
The analysis reveals distinct data requirements among
the four machine learning approaches: generalized linear
models (GLM), classification and regression trees (CART),
artificial neural networks (ANN), and evolutionary algorithms
(EA). GLM exhibits the highest data requirement, with a count
of 4.0, indicating the need for comprehensive and high-
quality datasets to effectively implement this approach.
This high data requirement is attributed to GLM'’s reliance
on parametric assumptions and the need for large sample
sizes to ensure model robustness (Zurell, D., et al., 2022). In
contrast, CART demonstrates moderate data requirements,
with a count of 1.0 for moderate data and 4.0 for high data.
CART algorithms are known for their ability to handle
heterogeneous data types and missing values, making them
suitable for analyzing datasets with moderate complexity
(Gladju, J., et al., 2022). The moderate data requirement for
CART reflects its flexibility in accommodating varying levels
of data quality and availability.

ANN and EA both exhibit low to moderate data
requirements, with a count of 2.0 for low data and 4.0 for
moderate data. ANN models, characterized by their ability
to capture nonlinear relationships and complex patterns
in data, require relatively smaller datasets compared to
GLM (Lopatkin, A. J., & Collins, J. J. 2020). Similarly, EA
algorithms, known for their adaptability and robustness
in handling noisy and incomplete data, demonstrate
moderate data requirements reflective of their versatility
in analyzing ecological datasets (Sahu, A., et al., 2021).
The observed differences in data requirements among
machine learning approaches highlight the importance
of selecting an approach that aligns with the available
data resources and research objectives. While approaches
such as GLM may necessitate extensive data collection
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GLM CART AN EA

Figure 3: Data requirements

efforts, others like CART, ANN, and EA offer more flexibility
in accommodating varying levels of data complexity and
availability. Understanding the data requirements of each
approach is crucial for effectively leveraging machine
learning techniques in ecological research and advancing
our understanding of species interactions in dynamic
ecosystems. In the bar graph depicting data requirements
underscores the diversity of approaches available for
analyzing ecological data and highlights the importance
of selecting an approach that best suits the research
objectives and available data resources. By considering
the data requirements of each machine learning approach,
researchers can make informed decisions about the most
appropriate analytical techniques for studying species
interactions in dynamic ecosystems.

Characteristics Of Machine Learning Approaches

The line graph depicting in Figure 4 the characteristics
of machine learning approaches provides insights into
the sensitivity of each approach to key characteristics
relevant to ecological research. The Y-axis represents the
sensitivity levels categorized as low, high, and moderate,
while the X-axis denotes the machine learning approaches:
Generalized Linear Models (GLM), Classification and
Regression Trees (CART), Artificial Neural Networks (ANN),
and Evolutionary Algorithms (EA). The analysis reveals
distinct sensitivities among the four machine learning
approaches across different characteristics. GLM exhibits
low sensitivity to all characteristics, indicating its limited
flexibility in accommodating mixed data types, missing
values of predictors, monotonic transformations, and
outliers in predictors. This low sensitivity is attributed
to GLM’s reliance on parametric assumptions and linear
relationships, which may not adequately capture the
complexity of ecological datasets (Overcast, |., et al., 2021).
In contrast, CART demonstrates high sensitivity to most
characteristics, particularly in accommodating mixed data
types and handling outliers in predictors. CART algorithms
are known for their ability to handle heterogeneous data
types and nonlinear relationships, making them suitable for
analyzing ecological datasets with diverse characteristics
(Ryo, M., et al., 2021). The high sensitivity of CART to these
characteristics reflects its adaptability and robustness in
handling complex ecological data.
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Figure 4: Characteristics of machine learning approaches
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ANN and EA both exhibit moderate sensitivity to the
characteristics examined. ANN models, characterized by
their ability to capture nonlinear relationships and complex
patterns in data, demonstrate moderate sensitivity to
monotonic transformations and outliers in predictors.
Similarly, EA algorithms, known for their adaptability and
robustness in handling noisy and incomplete data, exhibit
moderate sensitivity to all characteristics, reflecting their
versatility in analyzing ecological datasets. The observed
differences in sensitivities among machine learning
approaches underscore the importance of selecting an
approach that aligns with the specific characteristics of
ecological datasets and research objectives. Understanding
the sensitivities of each approach enables researchers
to make informed decisions about the most appropriate
analytical techniques for studying species interactions
in dynamic ecosystems. The line graph depicting the
characteristics of machine learning approaches highlights
the diversity of sensitivities among different approaches
and emphasizes the importance of selecting an approach
that best suits the characteristics of ecological datasets. By
considering the sensitivities of each approach, researchers
can enhance the effectiveness of machine learning
techniques in analyzing species interactions and advancing
our understanding of dynamic ecosystems.

Percentage Of “Low” Sensitivity

The pie chartillustrating in Figure 5 the percentage of “low”
sensitivity among different machine learning approaches
offers valuable insights into the varying degrees of
sensitivity exhibited by each approach. The chart displays
the proportion of machine learning approaches categorized
as having “low” sensitivity, with generalized linear models
(GLM) representing 57.1%, artificial neural networks
(ANN) representing 28.6%, and evolutionary algorithms
(EA) representing 14.3%. Interestingly, classification and
regression trees (CART) exhibit 0% “low” sensitivity. The
observed differences in “low” sensitivity percentages
among machine learning approaches highlight the diversity
of approaches and their suitability for different types of
ecological datasets. GLM emerges as the approach with the
highest percentage of “low” sensitivity, indicating its limited
flexibility in accommodating complex data structures and
nonlinear relationships commonly encountered in ecological
research. This high percentage of “low” sensitivity in GLM is
consistent with its reliance on parametric assumptions and
linear relationships, which may not adequately capture the
intricacies of ecological datasets (Kessell, A. K., et al., 2020).
In contrast, ANN and EA exhibit lower percentages of “low”
sensitivity compared to GLM, reflecting their adaptability
and robustness in handling diverse ecological datasets. ANN
models, characterized by their ability to capture nonlinear
relationships and complex patterns in data, demonstrate
moderate sensitivity to various characteristics, resulting

EA

GLM

CART
Figure 5: Percentage of “Low” sensitivity

in a lower percentage of “low” sensitivity. Similarly, EA
algorithms, known for their adaptability and robustness
in handling noisy and incomplete data, exhibit a relatively
lower percentage of “low” sensitivity, indicative of their
versatility in analyzing ecological datasets.

The absence of “low” sensitivity in CART underscores
its unique characteristics and suitability for specific types
of ecological datasets. CART algorithms are known for
their ability to handle heterogeneous data types and
nonlinear relationships, making them well-suited for
analyzing complex ecological datasets with varying levels
of data quality and availability. The pie chart depicting the
percentage of “low” sensitivity highlights the diversity of
machine learning approaches and their varying degrees
of suitability for ecological research. By considering the
sensitivity of each approach, researchers can make informed
decisions about the most appropriate analytical techniques
for studying species interactions and advancing our
understanding of dynamic ecosystems.

Performance metrics of machine learning
approaches

The bar chartillustrating in Figure 6 the performance metrics
of different machine learning approaches provides valuable
insights into the predictive capabilities of each approach in
analyzing species interactions in dynamic ecosystems. The
Y-axis represents various performance metrics, including
accuracy, precision, recall, and F1 score, while the X-axis
denotes the machine learning approaches: generalized
linear models (GLM), classification and regression trees
(CART), artificial neural networks (ANN), and evolutionary
algorithms (EA). The analysis reveals distinct performance
metrics among the four machine learning approaches
across different performance criteria. CART emerges as the
top-performing approach across all performance metrics,
with an accuracy of 1.0, precision of 0.65, recall of 0.5, and F1
score of 0.7. This indicates the robustness and effectiveness
of CART algorithms in accurately predicting species
interactions in dynamic ecosystems. The high accuracy and
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F1 score of CART highlight its ability to correctly classify
species interactions and balance precision and recall. In
contrast, GLM exhibits moderate performance across all
metrics, with an accuracy of 0.78, precision of 0.8, recall of
0.5,and F1 score of 0.65. While GLM demonstrates relatively
high precision, its lower accuracy and F1 score suggest a
trade-off between precision and recall in predicting species
interactions. This may be attributed to GLM'’s reliance on
parametric assumptions and linear relationships, which
may not fully capture the complexity of ecological datasets.

ANN and EA demonstrate similar performance metrics,
with ANN achieving an accuracy of 0.7, precision of 0.7, recall
of 0.7, and F1 score of 0.65, and EA achieving an accuracy
of 0.65, precision of 0.7, recall of 0.45, and F1 score of 0.75.
Theseresults indicate the comparable predictive capabilities
of ANN and EA in analyzing species interactions, with both
approaches achieving moderate to high performance across
various metrics. The observed differences in performance
metrics among machine learning approaches highlight the
importance of selecting an approach that aligns with specific
research objectives and performance criteria. Understanding
the performance characteristics of each approach enables
researchers to make informed decisions about the most
appropriate analytical techniques for studying species
interactions and advancing our understanding of dynamic
ecosystems. The bar chart depicting the performance
metrics of machine learning approaches underscores
the diversity of approaches and their varying predictive
capabilities in analyzing species interactions. By considering
the performance metrics of each approach, researchers can
enhance the effectiveness of machine learning techniques
in ecological research and contribute to the sustainable
management of dynamic ecosystems.

Conclusion

Our study demonstrates the effectiveness of ML techniques
in predicting species interactions in dynamic ecosystems
through the analysis of interaction strengths using various
ML algorithms.

By employing visualizations such as bar, line, and
pie charts, we provided insights into the distribution
and patterns of species interactions, contributing to a
comprehensive understanding of ecological dynamics.

Comparative analysis of four distinct ML approaches
- generalized linear models (GLM), classification and
regression trees (CART), artificial neural networks (ANN), and
evolutionary algorithms (EA) - revealed their strengths and
limitations in accommodating mixed data types, handling
missing values, and robustly handling outliers.

Performance evaluation of these ML approaches in
predicting species interactions highlighted CART as the
top-performing approach across all metrics, followed by
ANN and EA, while GLM exhibited moderate performance.

Our findings emphasize the importance of selecting
appropriate ML techniques based on specific research
objectives and data characteristics, ultimately contributing to
the advancement of ecological research and understanding
of dynamic ecosystems.
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