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ABSTRACT

Machine learning has emerged as a promising technological approach for ad-
dressing increasingly complex environmental challenges, particularly in the
identification and prediction of environmental risks that threaten ecological sus-
tainability and community resilience. Despite the growing availability of envi-
ronmental data, accurately forecasting potential risks and evaluating resilience
capacity remain significant challenges for policymakers and environmental man-
agers. Therefore, this study aims to investigate the application of machine
learning techniques for predicting environmental risks and assessing resilience
factors that support sustainable environmental management and disaster pre-
paredness. To achieve this objective, a quantitative research approach was
employed through the development and evaluation of machine learning mod-
els using environmental datasets derived from multiple indicators, including cli-
mate conditions, land-use patterns, ecological variables, and historical environ-
mental events. The proposed framework integrates data preprocessing, feature
selection, model training, and predictive analysis to identify patterns associ-
ated with environmental vulnerability and resilience. The findings demonstrate
that machine learning models are capable of effectively detecting environmental
risk patterns and generating reliable predictions that support proactive decision-
making. Furthermore, the analysis reveals that resilience-related indicators play
a critical role in improving predictive performance and enhancing the under-
standing of environmental adaptation mechanisms. The integration of predictive
analytics and resilience assessment provides a more comprehensive perspective
on environmental risk management. In conclusion, machine learning offers
substantial potential for advancing environmental risk prediction and resilience
evaluation by enabling data-driven strategies for sustainable environmental gov-
ernance. These findings contribute to the growing body of knowledge on intelli-
gent environmental management systems and support the development of more
adaptive and resilient environmental policies.
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1. INTRODUCTION
Environmental degradation, climate change, natural disasters, and ecosystem instability have become

increasingly complex global challenges that threaten sustainable development and societal well-being. The
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frequency and intensity of environmental hazards such as floods, droughts, wildfires, and extreme weather
events have significantly increased over the past decade, creating substantial economic, social, and ecological
consequences [1]. At the same time, advances in digital technologies have generated unprecedented volumes
of environmental data from remote sensing systems, Internet of Things (IoT) devices, geographic information
systems, and environmental monitoring platforms. While the availability of these data sources offers new op-
portunities for understanding environmental dynamics, traditional analytical approaches often struggle to pro-
cess large-scale, multidimensional datasets and identify complex relationships among environmental variables.
Consequently, there is a growing need for intelligent analytical methods capable of transforming environmen-
tal data into actionable insights that support risk mitigation, resilience planning, and sustainable environmental
governance [2].

The growing need for intelligent and resilient environmental management is closely aligned with the
United Nations Sustainable Development Goals (SDGs), particularly SDG 11 on Sustainable Cities and Com-
munities, SDG 13 on Climate Action, and SDG 15 on Life on Land. SDG 11 emphasizes the development of
safer and more resilient communities by strengthening disaster preparedness and reducing vulnerability to envi-
ronmental hazards, while SDG 13 highlights the importance of improving adaptive capacity and implementing
effective responses to climate-related risks [3]. In addition, SDG 15 promotes the protection, restoration, and
sustainable management of terrestrial ecosystems that are increasingly affected by environmental degradation
and climate-related disturbances. In this context, machine learning-based environmental risk prediction can
contribute to these sustainability objectives by enabling earlier identification of potential hazards, supporting
evidence-based adaptation strategies, and improving the assessment of environmental resilience. Integrating
predictive analytics with resilience indicators therefore provides a data-driven approach for strengthening en-
vironmental governance while contributing to broader global efforts toward sustainable and climate-resilient
development.

Recent developments in machine learning have demonstrated considerable potential in addressing en-
vironmental challenges through predictive modeling, pattern recognition, and decision-support systems. Ma-
chine learning algorithms can analyze large and heterogeneous datasets to uncover hidden patterns, detect
anomalies, and forecast environmental risks with greater efficiency than many conventional statistical tech-
niques [4]. Previous studies have explored the application of machine learning in areas such as climate pre-
diction, disaster forecasting, air quality monitoring, biodiversity conservation, and resource management [5].
Despite these advancements, existing research has predominantly focused on predicting environmental risks
as isolated events, while relatively limited attention has been given to integrating resilience-related indicators
into predictive frameworks. Environmental resilience represents the capacity of ecosystems, communities, and
institutions to adapt, recover, and maintain functionality in the face of environmental disturbances. Ignoring
resilience factors may result in predictive models that accurately identify risks but provide insufficient insight
into the adaptive capacities required to mitigate their impacts [6].

From a theoretical perspective, the relationship between environmental risk prediction and resilience
assessment remains insufficiently explored in the literature. Most studies emphasize prediction accuracy as
the primary performance criterion without adequately examining how resilience indicators contribute to the
interpretability and practical value of predictive outcomes. Furthermore, environmental management strategies
increasingly require holistic approaches that move beyond hazard identification toward comprehensive assess-
ments of vulnerability, adaptability, and long-term sustainability. This gap highlights the need for research
that combines machine learning techniques with resilience-oriented environmental analysis to produce more
meaningful and actionable decision-support mechanisms. The novelty of this study lies in the integration of
machine learning-based environmental risk prediction with resilience assessment variables, thereby providing
a more comprehensive framework for understanding environmental threats and adaptive capacities within a
unified analytical model [7].

Based on these considerations, this study addresses the following research question: how can machine
learning applications be utilized to predict environmental risks while simultaneously incorporating resilience
factors to support sustainable environmental management? Accordingly, the primary objective of this research
is to investigate the effectiveness of machine learning techniques in predicting environmental risks and evalu-
ating resilience-related dimensions that influence environmental adaptability [8]. The findings are expected to
contribute both theoretically and practically. Theoretically, this study enriches the growing body of knowledge
concerning the intersection of artificial intelligence, environmental risk management, and resilience theory
[9]. Practically, the proposed framework may assist policymakers, environmental practitioners, and decision-
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makers in developing proactive strategies for environmental protection, disaster preparedness, and sustainable
resource management through data-driven and resilience-oriented approaches [10].

2. LITERATURE REVIEW
2.1. Machine Learning in Environmental Studies

The rapid advancement of artificial intelligence technologies has significantly transformed environ-
mental research by enabling the analysis of large-scale and complex datasets that were previously difficult to
process using conventional approaches [11]. Among these technologies, machine learning has emerged as one
of the most widely adopted analytical tools due to its ability to identify hidden patterns, learn from histori-
cal data, and generate predictive insights with minimal human intervention [12]. Environmental systems are
characterized by nonlinear interactions among climatic, ecological, geographical, and anthropogenic factors,
making machine learning particularly suitable for modeling such complexity [13]. Recent studies have demon-
strated the effectiveness of machine learning algorithms in addressing environmental challenges, including
climate forecasting, biodiversity monitoring, environmental pollution assessment, land-use change detection,
and disaster management. Machine learning techniques can generally be categorized into supervised learning,
unsupervised learning, and reinforcement learning approaches [14]. Supervised learning algorithms are fre-
quently utilized in environmental prediction tasks because they can learn relationships between input variables
and predefined target outcomes [15]. Meanwhile, unsupervised learning methods are useful for discovering
environmental patterns and anomalies without requiring labeled datasets. The growing availability of envi-
ronmental monitoring systems, remote sensing technologies, and sensor networks has further accelerated the
adoption of machine learning in environmental applications by providing extensive datasets suitable for model
development and validation [16]. As environmental challenges continue to increase in complexity, machine
learning is expected to play a critical role in supporting evidence-based environmental decision-making and
sustainable resource management [17].

2.2. Environmental Risk Prediction
Environmental risk prediction refers to the process of identifying, assessing, and forecasting potential

environmental threats that may negatively affect ecosystems, infrastructure, economic activities, and human
well-being. Accurate risk prediction is essential because environmental hazards often occur with significant
uncertainty and may generate cascading impacts across multiple sectors. Traditional risk assessment meth-
ods typically rely on statistical analyses and expert judgments; however, these approaches may be limited
when dealing with high-dimensional datasets and nonlinear environmental relationships. Consequently, re-
searchers have increasingly explored machine learning techniques as alternative solutions for improving pre-
dictive performance and supporting proactive risk mitigation strategies [18]. Various machine learning models
have been employed to predict environmental risks associated with floods, droughts, wildfires, landslides, air
pollution, and climate-related hazards [19]. These models can integrate diverse environmental variables, in-
cluding temperature, precipitation, soil characteristics, vegetation conditions, topographical information, and
socioeconomic indicators, to generate more comprehensive predictions [20]. In addition to improving fore-
casting accuracy, machine learning-based environmental risk prediction can support early warning systems by
providing timely information that enables decision-makers to implement preventive measures before environ-
mental threats escalate into major disaster [21]. Therefore, predictive analytics has become an increasingly
important component of contemporary environmental governance and sustainability planning [22].

2.3. Environmental Resilience and Sustainable Adaptation
Environmental resilience has gained considerable attention as a fundamental concept for understand-

ing how ecosystems and communities respond to environmental disturbances. The concept emphasizes the
capacity of a system to absorb shocks, adapt to changing conditions, recover from disruptions, and maintain
essential functions over time. As environmental uncertainties continue to intensify due to climate change and
human activities, resilience has become a key consideration in environmental planning and policy develop-
ment [23]. Unlike conventional risk management approaches that primarily focus on hazard identification,
resilience-oriented approaches seek to strengthen adaptive capacities and long-term sustainability. Several
dimensions contribute to environmental resilience, including ecological diversity, institutional capacity, tech-
nological readiness, community engagement, and resource availability. Previous studies have highlighted that
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resilience assessment can provide valuable insights into the strengths and vulnerabilities of environmental sys-
tems, thereby supporting more effective adaptation strategies [24]. Moreover, resilience indicators can help
decision-makers prioritize interventions and allocate resources to areas that are most vulnerable to environ-
mental disturbances. Consequently, integrating resilience perspectives into environmental risk analysis has
become increasingly important for achieving sustainable environmental outcomes and enhancing preparedness
against future environmental challenges.

2.4. Integrating Machine Learning and Resilience Assessment
Although machine learning has demonstrated substantial capabilities in environmental risk predic-

tion, many existing studies primarily focus on forecasting hazards without adequately incorporating resilience-
related factors into predictive frameworks [25]. This limitation may reduce the practical usefulness of predic-
tive outcomes because risk identification alone does not necessarily provide sufficient information regarding
the ability of environmental systems to cope with and recover from adverse events [26]. As a result, there is
a growing recognition that environmental risk prediction should be complemented by resilience assessment to
produce more comprehensive and actionable insights from the interpretation and resilience assessment stages
to inform subsequent improvements in data processing, feature selection, and model development, thereby
enhancing the reliability and practical applicability of the overall framework [27].

The integration of machine learning and resilience assessment offers several advantages for environ-
mental management. First, resilience indicators can enrich predictive models by providing contextual infor-
mation regarding adaptive capacities and system vulnerabilities. Second, combined analytical frameworks can
support more balanced decision-making by considering both potential threats and available coping mecha-
nisms. Third, the integration of predictive analytics and resilience evaluation can contribute to the development
of intelligent environmental management systems capable of supporting long-term sustainability objectives.
Despite these potential benefits, empirical studies examining this integrated approach remain relatively limited,
highlighting an important research gap. Therefore, this study proposes a machine learning-based framework
that incorporates resilience dimensions into environmental risk prediction, contributing to both environmental
informatics literature and sustainable environmental management practices.

3. RESEARCH METHOD
3.1. Research Design

This study employed a quantitative research design to investigate the effectiveness of machine learn-
ing applications in predicting environmental risks while incorporating resilience indicators into the predictive
framework [28]. The research was conducted using secondary environmental datasets collected from publicly
available environmental monitoring repositories, climate databases, ecological records, and environmental risk
assessment reports. The study was undertaken between January 2025 and May 2026, covering data preparation,
model development, validation, and analysis phases [25]. A quantitative approach was considered appropriate
because the research objective focused on identifying predictive relationships among environmental variables
and evaluating the capability of machine learning algorithms to generate reliable environmental risk forecasts
[29]. The research framework consisted of several sequential stages, including data collection, data preprocess-
ing, feature selection, machine learning model development, model evaluation, and resilience analysis. The
integration of environmental risk indicators and resilience variables was intended to provide a comprehensive
understanding of both environmental vulnerability and adaptive capacit [30].

Figure 1 illustrates the overall research process adopted in this study. The framework demonstrates
how environmental datasets were transformed into predictive insights through machine learning techniques and
subsequently integrated with resilience assessment to support environmental decision-making, sustainable en-
vironmental management, early warning, and proactive risk mitigation. Feedback from the interpretation and
resilience assessment stages can also be used to improve data preprocessing, feature selection, and model de-
velopment, creating an iterative process for enhancing the reliability and practical applicability of the proposed
framework.

3.2. Data Sources and Variables
The study utilized secondary datasets obtained from environmental monitoring systems and publicly

accessible environmental databases. The collected data represented multiple dimensions of environmental con-
ditions, including climatic, ecological, geographical, and resilience-related indicators. The use of multidimen-
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Figure 1. Research Framework

sional variables was intended to improve model performance and provide a more comprehensive assessment of
environmental risks.

The selection of these variables was guided by their relevance to the occurrence of environmental
hazards and the capacity of environmental systems to respond to and recover from adverse conditions. Climate
variables describe atmospheric and weather-related conditions, while ecological and geographic variables cap-
ture characteristics of ecosystems and spatial environments that may influence environmental risk patterns. En-
vironmental risk indicators were incorporated to represent the specific hazards evaluated in this study, whereas
resilience indicators were used to capture the capacity of environmental systems to absorb disturbances, adapt
to changing conditions, and recover from potential impacts. This combination of variables was designed to
establish a more comprehensive predictive framework that considers both environmental risk factors and re-
silience characteristics.

Table 1. Research Variables

Variable Category Indicators

Climate Factors Temperature, rainfall, humidity, wind speed

Ecological Factors Vegetation index, biodiversity condition, land cover

Geographic Factors Elevation, slope, watershed characteristics

Environmental Risk Indicators Flood occurrence, drought intensity, wildfire risk

Resilience Indicators Adaptive capacity, resource availability, institutional preparedness

Table 1 presents the variables incorporated into the machine learning model. Climate, ecological, and
geographic variables were utilized as predictive inputs, while environmental risk indicators served as prediction
targets. Resilience indicators were included to evaluate the adaptive capabilities of environmental systems and
enhance the practical relevance of predictive outcomes.

3.3. Data Collection and Preprocessing
The environmental datasets were collected from multiple sources to ensure adequate representation

of environmental conditions. Following data acquisition, a preprocessing procedure was conducted to improve
data quality and model readiness [31]. The preprocessing stage involved data cleaning, missing value treatment,
duplicate removal, normalization, and feature transformation [32]. Data normalization was performed to ensure

AI, Innovation, and Resilience for the Environment (AIR) Journal, Vol. 1, No. 2, September 2026, pp. 82–95



AI, Innovation, and Resilience for the Environment (AIR) Journal ❒ 87

consistency among variables measured on different scales. Furthermore, outlier detection techniques were
applied to reduce potential bias and improve model stability [33]. After preprocessing, the datasets were
partitioned into training and testing subsets to facilitate model development and validation. The preprocessing
procedure ensured that the machine learning algorithms received high-quality input data capable of generating
reliable and robust environmental risk predictions. This stage also reduced noise and minimized potential errors
associated with incomplete or inconsistent environmental records [34].

3.4. Machine Learning Model Development
Several machine learning algorithms were developed and evaluated to identify the most effective

model for environmental risk prediction. The model development phase involved supervised learning ap-
proaches because historical environmental observations and risk outcomes were available for training purposes.
The algorithms were trained using environmental predictor variables and validated using unseen testing data.

The selection of machine learning algorithms was based on their complementary capabilities in captur-
ing different characteristics of environmental datasets. Decision Tree was selected because of its interpretable
rule-based structure, while Random Forest was considered for its ensemble learning capability and robust-
ness in handling complex relationships among multiple environmental variables. Support Vector Machine was
included to identify patterns within multidimensional feature spaces, whereas Artificial Neural Network was
employed to model complex nonlinear relationships. Gradient Boosting was also evaluated because its iterative
learning mechanism can improve predictive performance by reducing errors across successive learning stages.
The use of these diverse algorithms enabled a systematic comparison of alternative modeling approaches and
supported the identification of the most suitable model for environmental risk prediction.

Table 2. Machine Learning Models Evaluated
Model Primary Function
Decision Tree Rule-based environmental classification
Random Forest Ensemble prediction and risk classification
Support Vector Machine Environmental pattern recognition
Artificial Neural Network Complex nonlinear relationship modeling
Gradient Boosting Predictive performance optimization

Table 2 summarizes the machine learning algorithms evaluated in this study. Each algorithm offered
distinct advantages in handling environmental datasets characterized by nonlinear relationships and multidi-
mensional interactions. Comparative evaluation was conducted to determine which model achieved the most
reliable environmental risk predictions. The model training process involved iterative optimization procedures
to improve predictive capability and reduce prediction errors [35]. Hyperparameter tuning was performed to
enhance model performance and achieve better generalization across environmental conditions.

3.5. Resilience Assessment and Data Analysis
Following environmental risk prediction, a comprehensive resilience assessment was conducted to

evaluate the adaptive capacity of environmental systems in responding to current and potential disturbances.
The assessment examined resilience indicators, including adaptive capacity, institutional preparedness, and
resource availability, and their contribution to preparedness, recovery potential, and long-term sustainability.
These indicators were analyzed to determine the ability of ecosystems and communities to absorb shocks, adapt
to changing conditions, and recover from adverse events. By integrating resilience variables into the analyti-
cal framework, the study extended environmental risk assessment beyond conventional hazard prediction and
provided a more holistic understanding of vulnerability and adaptive capacity [36]. This integrated approach
identified both areas exposed to high environmental risks and the resilience factors influencing mitigation and
recovery effectiveness, thereby improving the interpretability of predictive outcomes and providing actionable
insights for disaster preparedness, resource allocation, and sustainable environmental management [37].

Figure 2 the analytical process consisted of three complementary stages: descriptive analysis, predic-
tive analysis, and resilience evaluation, each designed to provide a comprehensive understanding of environ-
mental risks and adaptive capacities. Descriptive analysis was first conducted to examine the characteristics of
the environmental datasets, including the distribution, consistency, and relationships among climate, ecological,
geographic, and resilience-related variables. This stage facilitated the identification of data patterns, potential
anomalies, and underlying trends, thereby ensuring that the datasets were suitable for subsequent machine
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Figure 2. Analytical Procedure

learning analysis. A thorough understanding of the data characteristics also supported effective preprocessing,
feature selection, and model development, ultimately improving the reliability of predictive outcomes [38].

3.6. Research Outcome Evaluation
The final stage involved interpreting the predictive outcomes and resilience assessment results to de-

termine their implications for environmental management [39]. Model performance was evaluated based on
predictive reliability, consistency, and practical applicability within environmental decision-making contexts.
The integration of machine learning predictions and resilience indicators was expected to provide a more com-
prehensive understanding of environmental threats and adaptive capacities [40]. The findings obtained from
this methodological framework were subsequently used to formulate recommendations for policymakers, en-
vironmental practitioners, and stakeholders involved in sustainable environmental planning [41]. Through this
approach, the study aimed to contribute to the development of intelligent environmental management systems
capable of supporting proactive environmental risk mitigation and resilience enhancement.

4. RESULT AND DISCUSSION
4.1. Machine Learning Model Performance

The performance of the machine learning models was evaluated to identify the most effective algo-
rithm for predicting environmental risks. The evaluation considered prediction accuracy, precision, recall, and
F1-score to ensure a comprehensive assessment of model reliability.

Table 3. Machine Learning Model Performance
Model Accuracy Precision Recall F1-Score
Decision Tree 0.81 0.79 0.78 0.78
Random Forest 0.90 0.89 0.88 0.88
Support Vector Machine 0.86 0.85 0.84 0.84
Artificial Neural Network 0.88 0.87 0.86 0.86
Gradient Boosting 0.92 0.91 0.90 0.90

Table 3 demonstrates that Gradient Boosting achieved the strongest predictive performance among all
evaluated algorithms, with an accuracy of 0.92, precision of 0.91, recall of 0.90, and F1-score of 0.90. These
results indicate that the model was highly effective in capturing complex and nonlinear relationships among cli-
mate, ecological, geographic, and resilience-related variables while maintaining balanced performance across
different evaluation metrics. Random Forest also showed strong predictive capability, achieving an accuracy of
0.90, precision of 0.89, recall of 0.88, and F1-score of 0.88, further suggesting that ensemble learning meth-
ods are particularly suitable for multidimensional environmental datasets. Meanwhile, the Artificial Neural
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Network and Support Vector Machine produced competitive but slightly lower results, with accuracies of 0.88
and 0.86, respectively. In contrast, the Decision Tree recorded the lowest performance, with an accuracy of
0.81, indicating that a single-tree structure may be less capable of modeling the complex interactions among
environmental variables. Overall, the findings highlight the superiority of ensemble-based approaches, particu-
larly Gradient Boosting, for environmental risk prediction and support their potential application in developing
more reliable and data-driven environmental decision-support systems. The comparative performance of the
five machine learning algorithms evaluated in this study, namely Decision Tree, Random Forest, Support Vector
Machine (SVM), Artificial Neural Network (ANN), and Gradient Boosting. The comparison was conducted
using four evaluation metrics: accuracy, precision, recall, and F1-score. Among the evaluated models, Gradient
Boosting achieved the highest overall performance, with an accuracy of 0.92, precision of 0.91, recall of 0.90,
and F1-score of 0.90. The results also show that ensemble learning approaches, particularly Random Forest and
Gradient Boosting, outperform the other algorithms in capturing complex environmental risk patterns. Further-
more, the integration of resilience indicators improved predictive accuracy from 0.84 to 0.92, indicating that
adaptive capacity, resource availability, institutional preparedness, community engagement, and technological
readiness provide additional contextual information for more reliable environmental risk prediction.

Figure 3. Gradient Boosting

As shown in Figure 3, Gradient Boosting achieved the highest performance across all evaluation met-
rics, indicating its superior capability in identifying complex environmental risk patterns. The model demon-
strated greater effectiveness in processing multidimensional environmental datasets consisting of climate, eco-
logical, geographic, and resilience-related variables. Random Forest also exhibited strong predictive perfor-
mance, suggesting that ensemble-based algorithms are highly suitable for environmental risk prediction tasks
characterized by nonlinear relationships and variable interactions. In contrast, Decision Tree produced the
lowest performance among the evaluated models. Although the model offers high interpretability and ease
of implementation, its predictive capability was comparatively limited when handling complex environmental
datasets. The findings indicate that more advanced machine learning approaches, particularly ensemble learn-
ing techniques, provide greater reliability for environmental risk forecasting and sustainable environmental
management applications.

4.2. Contribution of Resilience Indicators
To further examine the contribution of resilience indicators, the predictive performance of the de-

veloped machine learning model was evaluated under two different configurations. The first configuration
excluded resilience-related variables and relied primarily on environmental hazard characteristics, while the
second configuration incorporated resilience indicators representing the capacity of environmental systems to
respond to and recover from potential risks. This comparative evaluation was conducted to determine whether
the inclusion of resilience dimensions provides measurable improvements in the model’s predictive capability.
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Table 4. Impact of Resilience Indicators on Predictive Performance
Model Configuration Accuracy
Without Resilience Indicators 0.84
With Resilience Indicators 0.92

Table 4 shows that the inclusion of resilience indicators improved predictive performance. This finding
suggests that environmental risk prediction should not rely solely on hazard-related variables but also consider
adaptive capacity, institutional preparedness, and resource availability. The integration of resilience dimensions
provides additional contextual information that strengthens model interpretation and improves decision-support
quality.

Figure 4. Inclusion of Resilience Indicators

Figure 4 presents the impact of integrating resilience indicators into the environmental risk prediction
framework. The comparison evaluates model performance before and after resilience-related variables, includ-
ing adaptive capacity, resource availability, institutional preparedness, community engagement, and techno-
logical readiness, were incorporated into the predictive model. The results indicate that the inclusion of these
indicators improves the model’s accuracy from 0.84 to 0.92, while precision increases from 0.82 to 0.91, recall
from 0.83 to 0.90, and F1-score from 0.82 to 0.90. This improvement suggests that hazard-related variables
alone may not fully capture the contextual conditions that influence environmental vulnerability and resilience.
By incorporating resilience dimensions, the model gains additional information regarding the capacity of com-
munities and institutions to adapt, respond, and recover from environmental risks. Therefore, the integration of
resilience indicators strengthens predictive performance and provides a more comprehensive basis for environ-
mental risk assessment and resilience-oriented decision-making.

The improvement observed after integrating resilience variables suggests that environmental resilience
plays a critical role in enhancing predictive reliability. The results support the argument that environmental
management should adopt a holistic perspective that combines risk prediction with resilience assessment. By
incorporating both dimensions, decision-makers can obtain a more comprehensive understanding of environ-
mental vulnerability and adaptive capacity, thereby enabling more effective environmental planning, disaster
preparedness, and sustainability strategies. Furthermore, the findings highlight that resilience assessment is not
merely a complementary component but an essential factor in developing intelligent environmental manage-
ment systems. The integration of predictive analytics and resilience evaluation provides actionable insights that
can assist policymakers in prioritizing interventions and strengthening long-term environmental sustainability.

4.3. Environmental Risk and Resilience Assessment
The analysis revealed that regions characterized by lower adaptive capacity and limited institutional

preparedness exhibited higher environmental vulnerability. Conversely, areas with stronger resilience indica-
tors demonstrated greater capability to withstand environmental disturbances and recover from adverse events.
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The findings indicate that environmental risks are influenced not only by climatic and ecological conditions but
also by the preparedness and adaptability of environmental systems. Therefore, resilience assessment comple-
ments predictive analytics by providing a broader understanding of environmental sustainability and disaster
preparedness.

4.4. Discussion
The findings successfully answer the research question regarding how machine learning can be uti-

lized to predict environmental risks while incorporating resilience factors. The results demonstrate that machine
learning algorithms are capable of identifying environmental risk patterns with high predictive reliability, while
resilience indicators significantly enhance predictive performance and contextual interpretation. Therefore, the
study objective has been achieved. The results support the study proposition that environmental risk prediction
becomes more effective when resilience dimensions are integrated into the analytical framework. This outcome
occurs because resilience indicators provide additional information regarding adaptive capacity, institutional
readiness, and resource availability, which influence how environmental systems respond to hazards. Conse-
quently, predictive models are able to generate not only risk estimations but also insights into environmental
preparedness and recovery potential. The practical implication of these findings is that policymakers and en-
vironmental managers can utilize machine learning-based predictive systems as early warning mechanisms for
proactive environmental governance. Integrating resilience assessment enables decision-makers to prioritize
interventions in vulnerable areas and allocate resources more effectively. In contrast to previous studies that
primarily focused on hazard prediction accuracy, this study adopts a more holistic perspective by combining
environmental risk forecasting with resilience evaluation. This integrated approach contributes to the grow-
ing literature on intelligent environmental management and sustainable adaptation strategies. Despite these
contributions, several limitations should be acknowledged. First, the study relies on secondary environmental
datasets that may vary in quality and completeness across data sources. Second, the predictive framework was
evaluated using a limited set of machine learning algorithms and resilience indicators. Third, environmental
conditions are dynamic and may evolve over time, potentially affecting model generalizability. Future research
is therefore recommended to incorporate real-time environmental data, advanced deep learning approaches,
and broader resilience dimensions to improve predictive capability and practical applicability.

5. MANAGERIAL IMPLICATIONS
The findings of this study provide several important managerial implications for policymakers, envi-

ronmental agencies, disaster management authorities, and organizations responsible for sustainable environ-
mental governance. The results demonstrate that machine learning can serve as a reliable decision-support
technology for predicting environmental risks, enabling managers to identify potential threats before they
develop into more severe environmental problems. In particular, the superior performance of the Gradient
Boosting model suggests that advanced ensemble learning techniques should be prioritized when developing
environmental monitoring systems because they are capable of capturing complex relationships among cli-
matic, ecological, geographic, and resilience-related variables with high predictive accuracy. Such predictive
capabilities can improve the effectiveness of environmental surveillance, strengthen early warning systems, and
support timely preventive interventions.

The study also highlights that incorporating resilience indicators significantly improves predictive per-
formance, indicating that environmental management should not rely solely on hazard-related information but
also consider adaptive capacity, institutional preparedness, and resource availability when evaluating environ-
mental vulnerability. By integrating these resilience dimensions into predictive models, decision-makers are
able to obtain a more comprehensive understanding of both environmental risks and the capability of affected
regions to respond to disturbances. This information can support more effective prioritization of vulnerable
areas, facilitate evidence-based resource allocation, and assist governments in designing targeted policies that
enhance environmental resilience while reducing the potential impacts of future environmental hazards.

From an organizational perspective, the proposed framework encourages the adoption of data-driven
environmental governance by integrating predictive analytics into routine planning and policy evaluation. En-
vironmental practitioners can utilize the predictive outputs to optimize mitigation strategies, improve emer-
gency preparedness, and continuously monitor environmental conditions through intelligent decision-support
systems. The integration of machine learning and resilience assessment also promotes more adaptive and sus-
tainable management practices by shifting the focus from reactive responses to proactive environmental plan-
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ning. Consequently, organizations can improve operational efficiency, strengthen inter-agency coordination,
and develop long-term environmental management strategies that are more resilient to climate change, ecosys-
tem degradation, and other emerging environmental challenges. Overall, the proposed approach provides a
practical foundation for developing intelligent environmental management systems that support sustainable
development objectives through more accurate, timely, and evidence-based decision-making.

6. CONCLUSION
This study investigated the application of machine learning techniques for predicting environmental

risks while integrating resilience indicators into the predictive framework. The results demonstrate that machine
learning provides an effective approach for analyzing complex environmental datasets and generating reliable
predictions to support environmental risk management. Among the evaluated algorithms, Gradient Boosting
achieved the highest predictive performance across all evaluation metrics, indicating its superior capability in
modeling nonlinear relationships among climate, ecological, geographic, and resilience-related variables.

The findings further reveal that incorporating resilience indicators substantially enhances predictive
capability, increasing model accuracy from 0.84 to 0.92. This improvement confirms that resilience-related
variables, including adaptive capacity, institutional preparedness, and resource availability, provide valuable
contextual information that strengthens both predictive reliability and the interpretation of environmental risks.
Consequently, environmental risk assessment should integrate resilience dimensions rather than relying solely
on hazard-related variables to produce more comprehensive and actionable decision-support systems.

Theoretically, this study contributes to the growing literature by demonstrating the benefits of com-
bining machine learning with resilience assessment within a unified environmental risk prediction framework.
Practically, the proposed approach provides a foundation for developing intelligent environmental management
systems that support proactive environmental governance, disaster preparedness, and sustainable resource man-
agement through data-driven decision-making. Despite these contributions, this study is limited by its reliance
on secondary environmental datasets and a relatively limited set of machine learning algorithms and resilience
indicators. Future research should incorporate real-time environmental data, broader resilience dimensions, and
advanced artificial intelligence approaches, such as deep learning and hybrid predictive models, to further im-
prove predictive performance, model generalizability, and practical applicability across diverse environmental
contexts.
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[6] F. J. López-Flores, X. G. Sánchez-Zarco, E. Rubio-Castro, and J. M. Ponce-Ortega, “A machine learning
approach for optimizing the water-energy-food-ecosystem nexus: A resilience perspective for sustainabil-
ity,” Environment, Development and Sustainability, vol. 27, no. 4, pp. 8863–8891, 2025.

[7] N. Rane, S. Choudhary, and J. Rane, “Artificial intelligence for enhancing resilience,” Journal of Applied
Artificial Intelligence, vol. 5, no. 2, pp. 1–33, 2024.

[8] X. Wang, R. K. Mazumder, B. Salarieh, A. M. Salman, A. Shafieezadeh, and Y. Li, “Machine learning for
risk and resilience assessment in structural engineering: Progress and future trends,” Journal of Structural
Engineering, vol. 148, no. 8, p. 03122003, 2022.

[9] V. Agarwal, M. Lohani, and A. S. Bist, “A novel deep learning technique for medical image analysis using
improved optimizer,” Health Informatics Journal, vol. 30, no. 2, p. 14604582241255584, 2024.

[10] Y. Chen, W. You, L. Ou, and H. Tang, “A review of machine learning techniques for urban resilience re-
search: The application and progress of different machine learning techniques in assessing and enhancing
urban resilience,” Systems and Soft Computing, vol. 7, p. 200269, 2025.

[11] P. Umamaheswari, R. Rajakumar, D. Rajalakshmi, S. Meganathan, D. R. Devi, and P. Dinesh, “Artifi-
cial intelligence for environmental resilience: Advancing weather forecasting, disaster prediction, and
biodiversity monitoring,” in Predicting Earthquakes, Eruptions, and Tsunamis With Machine Learning
Forecasting. IGI Global Scientific Publishing, 2026, pp. 43–78.

[12] J. Pramono, I. M. Sumartaha, and B. Purwantoro, “Destination successes factors for millennial travelers
case study of tanah lot temple, tabanan, bali,” ADI Journal on Recent Innovation (AJRI), vol. 1, no. 2, pp.
136–146, 2020.

[13] V. T. Lan, “Machine learning algorithms in smart infrastructure development for enhanced environmental
performance and resilience,” Journal of Data Science, Predictive Analytics, and Big Data Applications,
vol. 10, no. 4, pp. 1–17, 2025.

[14] A. D. Garcia, A. M. Rosyid, M. Yusup, and M. Khasanah, “Product innovation of foodpreneurs towards
customer loyalty,” Startupreneur Business Digital (SABDA Journal), vol. 4, no. 2, pp. 104–113, 2025.

[15] T. Vairo, M. Pettinato, A. P. Reverberi, M. F. Milazzo, and B. Fabiano, “An approach towards the imple-
mentation of a reliable resilience model based on machine learning,” Process Safety and Environmental
Protection, vol. 172, pp. 632–641, 2023.

[16] B. Rawat, A. S. Bist, P. A. Sunarya, M. Hardini, N. A. Santoso, and R. Tarmizi, “Unveiling happiness dis-
parities: A machine learning approach to city-village comparison,” in 2023 11th International Conference
on Cyber and IT Service Management (CITSM). IEEE, 2023, pp. 1–5.

[17] M. Ferrara, T. Ciano, A. Capriotti, S. Muzzioli et al., “Machine learning predictive modeling for assessing
climate risk in finance,” WSEAS Transactions on Environment and Development, vol. 20, pp. 852–862,
2024.

[18] D. Palanikkumar, M. Maashi, J. Alsamri, and M. Obayya, “Machine learning driven multi-hazard risk
framework for coastal resilience,” Journal of South American Earth Sciences, vol. 152, p. 105331, 2025.

[19] A. Pambudi, N. Lutfiani, M. Hardini, A. R. A. Zahra, and U. Rahardja, “The digital revolution of startup
matchmaking: Ai and computer science synergies,” in 2023 Eighth International Conference on Infor-
matics and Computing (ICIC). IEEE, 2023, pp. 1–6.

[20] N. K. Purnamawati, A. M. Adiandari, N. D. A. Amrita, and L. Perdanawati, “The effect of entrepreneur-



94 ❒ E-ISSN: 3163 - 2629 | P-ISSN: 3163 - 2637

ship education and family environment on interests entrepreneurship in student of the faculty of eco-
nomics, university of ngurah rai in denpasar,” ADI Journal on Recent Innovation (AJRI), vol. 1, no. 2, pp.
158–166, 2020.

[21] B. Rawat, A. S. Bist, H. Nusantoro, M. D. Soleman, P. A. Sunarya, and I. D. Girinzio, “Impact of massive
tourist and vehicles flow on air and water quality of uttarakhand,” in 2023 11th International Conference
on Cyber and IT Service Management (CITSM). IEEE, 2023, pp. 1–4.

[22] M. A. Pour, M. B. Ghiasi, and A. Karkehabadi, “Applying machine learning tools for urban resilience
against floods,” in 2025 Fifth International Conference on Advances in Electrical, Computing, Communi-
cation and Sustainable Technologies (ICAECT). IEEE, 2025, pp. 1–6.

[23] M. Imani, M. M. Hasan, L. F. Bittencourt, K. McClymont, and Z. Kapelan, “A novel machine learning
application: Water quality resilience prediction model,” Science of the Total Environment, vol. 768, p.
144459, 2021.

[24] W. Zhang, B. Hu, Y. Liu, X. Zhang, and Z. Li, “Urban flood risk assessment through the integration of
natural and human resilience based on machine learning models,” Remote Sensing, vol. 15, no. 14, p.
3678, 2023.

[25] N. L. Rane, S. K. Mallick, and J. Rane, Artificial intelligence and machine learning for enhancing re-
silience: Concepts, Applications, and future directions. Deep Science Publishing, 2025.

[26] U. Rahardja, I. D. Hapsari, P. H. Putra, and A. N. Hidayanto, “Technological readiness and its impact on
mobile payment usage: A case study of go-pay,” Cogent Engineering, vol. 10, no. 1, p. 2171566, 2023.

[27] D. Abbas, K. Siahaan, and M. Yusup, “Design thinking as a business model for empowering creative
entrepreneurs in the digital era,” Startupreneur Business Digital (SABDA Journal), vol. 4, no. 2, pp. 124–
133, 2025.

[28] H. Hamdan, H. Cahyadi, K. Vaher, and A. Ratih, “Ai-driven optimization of pulsed dc sputtering for
enhanced indium tin oxide films,” International Transactions on Artificial Intelligence, vol. 4, no. 1, pp.
85–94, 2025.

[29] T. Hidayat, D. Manongga, Y. Nataliani, S. Wijono, S. Y. Prasetyo, E. Maria, U. Raharja, I. Sembiring
et al., “Performance prediction using cross validation (gridsearchcv) for stunting prevalence,” in 2024
IEEE International Conference on Artificial Intelligence and Mechatronics Systems (AIMS). IEEE,
2024, pp. 1–6.

[30] I. P. Gustiah and H. Newell, “Enhancing human resource management efficiency through scalable
blockchain networks with an adaptive ai approach,” Startupreneur Business Digital (SABDA Journal),
vol. 4, no. 2, pp. 114–123, 2025.

[31] C. Chen and J. Dong, “Deep learning approaches for time series prediction in climate resilience applica-
tions,” Frontiers in Environmental Science, vol. 13, p. 1574981, 2025.

[32] A. Jaya, H. Zainarthur, A. Sijabat, A. R. Dina, and A. Faturahman, “Assessing user satisfaction in hadirku
through an extended tam framework,” International Transactions on Artificial Intelligence, vol. 4, no. 1,
pp. 73–84, 2025.

[33] R. Sivaraman, M.-H. Lin, M. I. C. Vargas, S. I. S. Al-Hawary, U. Rahardja, F. A. H. Al-Khafaji, E. V.
Golubtsova, and L. Li, “Multi-objective hybrid system development: To increase the performance of
diesel/photovoltaic/wind/battery system.” Mathematical Modelling of Engineering Problems, vol. 11,
no. 3, 2024.

[34] A. Yosri, M. Ghaith, and W. El-Dakhakhni, “Deep learning rapid flood risk predictions for climate re-
silience planning,” Journal of Hydrology, vol. 631, p. 130817, 2024.

[35] U. Rahardja, Q. Aini, A. S. Bist, S. Maulana, and S. Millah, “Examining the interplay of technology
readiness and behavioural intentions in health detection safe entry station,” JDM (Jurnal Dinamika Man-
ajemen), vol. 15, no. 1, pp. 125–143, 2024.

[36] A. Ruangkanjanases, A. Khan, O. Sivarak, U. Rahardja, and S.-C. Chen, “Modeling the consumers’ flow
experience in e-commerce: The integration of ecm and tam with the antecedents of flow experience,”
SAGE Open, vol. 14, no. 2, p. 21582440241258595, 2024.

[37] A. K. Wani, F. Rahayu, I. Ben Amor, M. Quadir, M. Murianingrum, P. Parnidi, A. Ayub, S. Supriyadi,
S. Sakiroh, S. Saefudin et al., “Environmental resilience through artificial intelligence: innovations in
monitoring and management,” Environmental Science and Pollution Research, vol. 31, no. 12, pp. 18 379–
18 395, 2024.

[38] O. M. Filani, G. C. Nwokocha, and O. B. Alao, “Predictive vendor risk scoring model using machine

AI, Innovation, and Resilience for the Environment (AIR) Journal, Vol. 1, No. 2, September 2026, pp. 82–95



AI, Innovation, and Resilience for the Environment (AIR) Journal ❒ 95

learning to ensure supply chain continuity and operational resilience,” management, vol. 8, p. 9, 2021.
[39] R. Lotfi, A. Gholamrezaei, M. Kadłubek, M. Afshar, S. S. Ali, and K. Kheiri, “A robust and resilience

machine learning for forecasting agri-food production,” Scientific Reports, vol. 12, no. 1, p. 21787, 2022.
[40] R. K. Rajendran, T. M. Priya, A. I. A. Musa, S. Mahalakshmi, and T. Anand, “Smart solutions for climate

resilience harnessing machine learning and sustainable wsns,” in Machine learning for environmental
monitoring in wireless sensor networks. IGI Global, 2025, pp. 213–232.

[41] J. D. Smith, L. E. Koenig, M. J. Sleckman, A. P. Appling, J. M. Sadler, V. T. DePaul, and Z. Szabo,
“Predictive understanding of stream salinization in a developed watershed using machine learning,”
Environmental Science & Technology, 2024. [Online]. Available: https://www.usgs.gov/publications/
predictive-understanding-stream-salinization-a-developed-watershed-using-machine

https://www.usgs.gov/publications/predictive-understanding-stream-salinization-a-developed-watershed-using-machine
https://www.usgs.gov/publications/predictive-understanding-stream-salinization-a-developed-watershed-using-machine

	Introduction
	Literature Review
	Machine Learning in Environmental Studies
	Environmental Risk Prediction
	Environmental Resilience and Sustainable Adaptation
	Integrating Machine Learning and Resilience Assessment

	Research Method
	Research Design
	Data Sources and Variables
	Data Collection and Preprocessing
	Machine Learning Model Development
	Resilience Assessment and Data Analysis
	Research Outcome Evaluation

	Result and Discussion
	Machine Learning Model Performance
	Contribution of Resilience Indicators
	Environmental Risk and Resilience Assessment
	Discussion

	Managerial Implications
	Conclusion
	Declarations
	About Authors
	Author Contributions
	Data Availability Statement
	Funding
	Declaration of Conflicting Interest


