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This article provides a comparative review of the effectiveness of machine learning 
models used in environmental data analysis. The aim of the study is to systematize the 
areas of application, advantages, limitations, and effectiveness of Linear Regression, 
Random Forest, Support Vector Machine, Neural Networks, and Deep Learning models 
in working with environmental data. Since environmental data are often 
multidimensional, nonlinear, spatial, and temporal, traditional statistical methods do not 
provide sufficient results in all cases. The results of the literature analysis prove that 
ensemble models such as Random Forest and XGBoost show high accuracy in many 
environmental forecasting tasks. While Deep Learning models are effective in analyzing 
complex data such as satellite imagery, biodiversity, animal movements, and time series, 
they require large data sets and high computational resources. In addition, the 
explainability of models remains an important issue. Explainable AI methods such as 
SHAP and LIME allow us to explain the decision-making logic of complex models. 
Research results show that model selection should consider explainability, data quality, 
computational efficiency, and ecological relevance in addition to accuracy. 
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INTRODUCTION 

In recent years, the volume of data in ecological research has increased dramatically, and their 
analysis has become more complex. Satellite monitoring, remote sensing, climate monitoring, animal 
movement recording, acoustic monitoring, and biodiversity data provide a deep understanding of 
ecological systems. However, such data are often multifactorial, nonlinear, and have spatial-
temporal dependencies. Therefore, traditional statistical methods such as Linear Regression cannot 
provide sufficient flexibility in all cases (Pichler & Hartig, 2022; Tuysuzoglu et al., 2018). 

Machine learning models have been widely used in ecology for tasks such as predicting species 
distribution, assessing habitat suitability, determining forest fire risk, monitoring soil and water 
quality, and predicting ecosystem productivity (Yudaputra et al., 2019; Huang et al., 2023). In 
particular, Random Forest, SVM, XGBoost, Neural Networks, and Deep Learning models have 
shown excellent results in detecting complex ecological patterns (Al-Mukhtar, 2019; Xie et al., 2024). 

However, the effectiveness of these models depends on the type, size, quality, and research objective 
of the data. For example, Random Forest offers high accuracy and relative interpretability, while 
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Deep Learning models are effective on complex image and spatiotemporal data, but are often 
described as “black boxes” (Pichler & Hartig, 2022; Southworth et al., 2024). To address this issue, 
interpretable artificial intelligence methods such as SHAP and LIME are used (Ghafarian et al., 2022; 
Mammides et al., 2024). The aim of the study is to compare the main machine learning models used 
in ecological data analysis and determine their accuracy, interpretability, computational efficiency, 
and usability. Scientific novelty — the article comprehensively compared models used in the 
analysis of ecological data not only in terms of predictive accuracy, but also in terms of 
interpretability, stability, adaptation to data types, and practical applicability. 

MATERIAL AND METHOD 

This study was based on a systematic literature review and comparative analysis. The literature 
selection included studies on the analysis of environmental data using machine learning 
published in recent years. The concepts of Linear Regression, Random Forest, Support Vector 
Machine, Neural Networks, Deep Learning, XGBoost, Explainable AI, SHAP and LIME were 
used as key words during the search and analysis. The initial search resulted in 122 articles, and 
107 articles were identified through additional citation chaining, and 50 highly relevant studies 
were selected from a total of 229 candidate papers. 

The models were evaluated according to five main criteria: predictive accuracy, explainability, 
computational efficiency, data type sensitivity and stability. These criteria are systematized in 
Table 1. 

Table 1. Criteria for evaluating machine learning models 

Criterion Definition Importance in Ecological Research 
Predictive 
accuracy 

The model’s ability to correctly 
predict a specific ecological 
phenomenon 

Important for tasks such as species 
distribution, fire risk assessment, and 
ecosystem productivity prediction 

Interpretability The ability to scientifically 
explain the model’s decision or 
output 

Helps identify the influence of 
ecological factors 

Computational 
efficiency 

The amount of time and 
computational resources 
required to train the model 

Important when working with large 
datasets 

Adaptability to 
data types 

The model’s ability to work with 
tabular, spatial, temporal, or 
image-based data 

Enables appropriate model selection for 
different types of ecological data 

Robustness The model’s ability to produce 
reliable results under different 
conditions 

Important when applying the model to 
a new region or a new time period 
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RESULTS 

The results of the literature analysis revealed that ensemble models, especially Random Forest 
and XGBoost methods, perform well in ecological prediction tasks. These models handle 
nonlinear relationships, complex interactions between factors, and multidimensional data 
structures well (Ghafarian et al., 2022; Koreň et al., 2021; Liu et al., 2021). 

Although the Linear Regression model has high interpretability, it cannot fully describe 
nonlinear patterns in complex ecological systems. The SVM model is effective in working with 
small and medium-sized data and performs well in remote sensing and classification tasks 
(Ibrahim et al., 2023; Kupidura et al., 2024). Although Deep Learning models are effective in 
analyzing complex data such as satellite images, biodiversity indices, and animal movements, 
they require large data sets and high computing power (Garcia-Quintas et al., 2023; Chang, 
2023). 

Table 2. Comparative characteristics of models used in the analysis of ecological data 

Model Advantage Limitation Area of Application 
Linear 
Regression 

Simple, clear, and easy 
to interpret 

Weak in detecting 
nonlinear relationships 

Initial analysis, trend 
assessment 

Random 
Forest 

High accuracy, 
robustness, and ability 
to show variable 
importance 

Limited ability to provide 
full causal explanation 

Species distribution, 
ecosystem monitoring, 
habitat assessment 

SVM Effective with small 
datasets and performs 
well in classification 
tasks 

Depends on kernel and 
parameter selection 

Remote sensing, forest 
type classification, 
invasive species detection 

Neural 
Networks 

Learns complex 
relationships 

Low interpretability and 
requires many resources 

Time series analysis, 
ecosystem productivity 

Deep 
Learning 

Effective for images, 
satellite imagery, and 
large datasets 

Requires large datasets, 
GPU resources, and 
explainable AI methods 

Satellite monitoring, 
biodiversity assessment, 
animal movement 
analysis 

As shown in Table 2, Random Forest stands out as a model that strikes a balance between accuracy 
and explainability. While Deep Learning achieves high accuracy, it needs to be complemented with 
SHAP, LIME, or other Explainable AI methods to be used in environmental decision-making. 
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Fig 1. General scheme of the process of analyzing environmental data using machine learning 

As shown in Figure 1, the analysis of environmental data using machine learning consists of several 
stages: data collection, preprocessing, model selection, training, evaluation, and interpretation of the 
results. This scheme allows us to consider the model not only as a technical tool, but also as an 
analytical system that helps in environmental decision-making. 

 
Fig 2. Model selection logic: the relationship between accuracy and interpretability 

As shown in Figure 2, Linear Regression is strong in terms of explainability, but its accuracy may be 
limited in complex data. Random Forest and SVM strike a balance between accuracy and 
explainability. Although Deep Learning and Neural Networks achieve high accuracy, their 
explainability is low, so additional Explainable AI methods are needed. 
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DISCUSSION 

The results of the study showed that machine learning methods are more flexible than traditional 
statistical models in analyzing ecological data. Random Forest and XGBoost models provide high 
accuracy in complex, multifactorial, and nonlinear data (Ghafarian et al., 2022; Liu et al., 2021). These 
models are effectively used in tasks such as predicting ecosystem productivity, assessing habitat, 
and determining the distribution of forest pests (Koreň et al., 2021; Huang et al., 2023). 

However, in ecology, high model accuracy is not enough. The model output should have ecological 
meaning and help the researcher to explain natural processes. In this regard, classical statistical 
models and Linear Regression methods are still important, as they are closer to causal explanations 
(Pichler & Hartig, 2022; Sun et al., 2024). 

The main advantage of Deep Learning models is the ability to detect hidden patterns in complex 
graphical, spatial and temporal data. However, their “black box” nature makes ecological 
interpretation difficult (Southworth et al., 2024; Garcia-Quintas et al., 2023). Therefore, the use of 
methods such as SHAP, LIME and feature importance play an important role in explaining model 
results (Ghafarian et al., 2022; Hang et al., 2024). 

In addition, data quality directly affects model results. If the data are sparse, unbalanced, or spatially 
biased, sophisticated models may produce high accuracy but unreliable results in novel situations 
(Bonas et al., 2024; Zbinden et al., 2024). Therefore, cross-validation, external validation, uncertainty 
assessment, and statistical testing of results are mandatory in ecological machine learning. 

CONCLUSION 

Machine learning methods have great potential in environmental data analysis. Random Forest and 
XGBoost models show high accuracy and robustness in many environmental tasks. SVM models are 
effective for small and medium-sized data, while Deep Learning models are useful for analyzing 
complex data such as satellite imagery, biodiversity, and time series. 

However, it is not correct to rely solely on accuracy when choosing a model. The researcher should 
consider the type, size, quality of the data, the need for explainability, and computational resources. 
As shown in Tables 1 and 2, each model has its advantages and limitations. Figure 1 shows the 
general structure of the environmental machine learning process, while Figure 2 allows us to 
compare the models in terms of accuracy and explainability. 

In future research, it is important to combine environmental machine learning models with 
Explainable AI, uncertainty quantification, and causal inference methods. This will not only increase 
the accuracy of environmental predictions, but also increase their scientific validity and reliability 
in practical decision-making. 
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