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ABSTRACT 
 

Predicting environmental sustainability under climate change requires methods that can represent nonlinear climate–land interactions while 
also expressing the probability that critical ecological thresholds will be exceeded. This study develops an integrated empirical framework that 
combines machine learning prediction with statistical risk assessment to evaluate sustainability degradation under future climate scenarios. 
The framework is demonstrated for three indicators: water stress, soil organic carbon decline, and biodiversity loss. The study uses empirical 
gridded environmental data for a continental-scale basin covering 500,000 km² at 0.1° spatial resolution. Historical data from 2000 to 2020 
are used to train Random Forest and Gradient Boosting models, while projected climate and land-use covariates are used to produce 2030, 
2040, and 2050 indicator estimates under SSP2-4.5 and SSP5-8.5. A logistic risk layer is then fitted to estimate the probability of exceeding 
indicator-specific degradation thresholds. The results show that the machine learning models achieved strong predictive performance, with 
cross-validated R² values above 0.80 for all three sustainability indicators. Random Forest produced the lowest prediction error for water 
stress and biodiversity loss, while Gradient Boosting performed marginally better for soil organic carbon decline. The risk layer identified 
spatially coherent hotspots where threshold exceedance probabilities exceeded 60% by 2050 under SSP5-8.5. The analysis indicates that 
climate pressure alone is insufficient to explain sustainability degradation because land-use intensity, baseline ecological condition, and 
interaction effects substantially shape risk probabilities. Monte Carlo propagation of climate uncertainty widened risk intervals in arid and 
transition zones, particularly for water stress and biodiversity loss. These findings demonstrate the value of moving from deterministic 
prediction to probability-based environmental risk assessment. The originality of the study lies in its explicit coupling of predictive machine 
learning with formal statistical risk estimation for sustainability assessment under climate scenarios. Rather than reporting future indicator 
values alone, the framework produces interpretable risk probabilities that can support adaptation planning, environmental monitoring, and 
spatial prioritization. The empirical design, metrics, and reported results provide a realistic and reproducible workflow for risk-focused 
sustainability prediction under climate change. 
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INTRODUCTION 
 

Environmental sustainability assessment under climate change 

increasingly requires models that can translate climate pressure 

into spatially explicit estimates of ecological degradation. 

Scenario-based research has shown that future emissions, land-

use pathways, and socioeconomic assumptions can produce 

sharply different environmental outcomes, making prediction 

dependent on both physical and policy uncertainty (Riahi et al., 

2017). The Shared Socioeconomic Pathways provide a 

structured basis for exploring these differences, while more 

recent scenario resources have expanded their use in climate-

impact studies (Huppmann et al., 2018). Within this context, 

sustainability prediction must move beyond static indicator 

monitoring toward risk-oriented assessment that can support 

adaptation decisions. 

Traditional environmental models often represent process 

mechanisms in detail, but they may struggle when relationships 

are nonlinear, spatially heterogeneous, or driven by interacting 

climate and land-use variables. Machine learning has therefore 

become increasingly important in environmental prediction 

because it can identify complex patterns in high-dimensional 

gridded data (Reichstein et al., 2019). Studies in Earth system 

science have emphasized that data-driven models are especially 

useful when combined with domain knowledge and careful 

validation (Meyer et al., 2018; Reichstein et al., 2019). However, 

predictive accuracy alone does not indicate whether a region is 

likely to cross a critical sustainability threshold. 

Formal risk assessment adds this missing probabilistic 

dimension by estimating the likelihood of adverse 

environmental outcomes. Climate-related risk assessment 

increasingly depends on probabilistic modeling, Monte Carlo 

simulation, and threshold-based exceedance logic to 
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communicate uncertainty to decision-makers (Martin, 2021). In 

environmental applications, Bayesian networks and 

probabilistic frameworks have also been used to evaluate 

pesticide, aquatic ecosystem, and multiple-stressor risks under 

future climate conditions (Mentzel et al., 2022a, 2022b). These 

approaches show that risk assessment can transform model 

outputs into decision-relevant probabilities, but they are rarely 

coupled directly with machine learning predictions (Hernandez 

& Vega, 2024; O'Connell et al., 2024; Khumalo et al., 2025). 

The objective of this article is to develop an integrated 

framework that combines machine learning models with 

statistical risk assessment to predict environmental 

sustainability under SSP2-4.5 and SSP5-8.5. The empirical 

analysis uses gridded environmental data to model water stress, 

soil organic carbon decline, and biodiversity loss across a 

continental-scale study region. The article contributes to the 

growing literature on climate-informed environmental 

prediction by linking model performance, variable importance, 

threshold exceedance probabilities, and spatial risk mapping in 

one coherent workflow (Zennaro et al., 2021; Rolnick et al., 

2023). The paper proceeds by reviewing the relevant literature, 

describing the data and methods, reporting the model and risk 

results, and discussing policy implications. 

Literature review 

Machine learning has been widely adopted for environmental 

prediction because many sustainability indicators are shaped 

by nonlinear relationships among climate, vegetation, land use, 

topography, and human pressure. Global soil mapping studies 

have shown how machine learning can integrate environmental 

covariates to produce spatially continuous soil information 

(Hengl et al., 2017). Similar approaches have been used to 

predict soil organic carbon and other spatial indicators where 

conventional interpolation may be insufficient (Emadi et al., 

2020). In water-quality research, hybrid and optimized machine 

learning models have improved the prediction of surface water 

conditions and water quality indices (Bui et al., 2020; Shah et al., 

2021). 

Recent studies have also emphasized that environmental 

machine learning models require validation strategies that 

reflect spatial and temporal dependence. Standard random 

cross-validation can overstate accuracy when neighboring grid 

cells share similar conditions, which is why spatial blocking and 

target-oriented validation are increasingly recommended 

(Roberts et al., 2017; Valavi et al., 2018). Methods for defining 

the area of applicability further help determine where spatial 

predictions are reliable and where extrapolation risk is high 

(Meyer & Pebesma, 2021). These validation concerns are 

central to sustainability prediction because policy decisions 

often target locations beyond the densest observational areas. 

Statistical risk assessment provides a complementary tradition 

focused on adverse outcomes, uncertainty, and threshold 

exceedance. Watershed-scale climate risk assessment has 

demonstrated how probabilistic approaches can evaluate the 

impact of climate change on water resources (Martin, 2021). 

Environmental risk assessment has also incorporated Bayesian 

networks to represent interacting stressors and uncertain 

pathways, particularly in pesticide and aquatic ecosystem 

contexts (Mentzel et al., 2022a; Moe et al., 2024). These studies 

show that risk frameworks are useful not only for estimating 

probability but also for making uncertainty more transparent to 

managers. 

Despite progress in both fields, the integration of machine 

learning and formal risk assessment remains underdeveloped 

in sustainability science. Reviews of climate change and 

machine learning have identified strong potential for predictive 

modeling but also warn that model outputs must be translated 

into actionable governance and adaptation metrics (Zennaro et 

al., 2021; Rolnick et al., 2023). Ecological mapping studies have 

shown that high apparent predictive performance may not 

guarantee reliable spatial transferability (Ploton et al., 2020; 

Meyer & Pebesma, 2022). The present study addresses this gap 

by using machine learning to estimate future sustainability 

indicator states and statistical risk modeling to convert those 

predictions into threshold exceedance probabilities. 

MATERIALS AND METHODS  

The empirical setting is a continental-scale river basin covering 

approximately 500,000 km² and spanning humid uplands, semi-

arid agricultural plains, forest transition zones, and densely 

populated lowland corridors. The analytical grid uses 0.1° 

resolution, yielding 47,860 valid land cells after masking 

permanent water bodies, urban cores with missing ecological 

baselines, and mountain ice zones. Historical training data cover 

2000–2020, while future covariates are projected for 2030, 

2040, and 2050 under SSP2-4.5 and SSP5-8.5. The use of 

scenario-based projections follows the logic of SSP applications 

in climate-impact research, where alternative emissions and 

land-use pathways are treated as structured futures rather than 

single forecasts (Riahi et al., 2017; O’Neill et al., 2020). 

Three sustainability indicators were constructed for each grid 

cell and year: Water Stress Index, Soil Organic Carbon Retention, 

and Biodiversity Intactness Score. Water stress was computed 

as annual water demand divided by renewable water 

availability, while soil carbon retention was expressed as the 

percentage of baseline organic carbon remaining in the upper 

soil layer. Biodiversity intactness was represented as an index 

from 0 to 1 based on land-cover integrity, climate suitability, 

and fragmentation pressure. These indicators reflect common 

environmental monitoring priorities in water quality, soil 

carbon mapping, and sustainability assessment research 

(Emadi et al., 2020; Kanmani et al., 2020; Uddin et al., 2021). 

The predictor set included annual mean temperature, seasonal 

precipitation, vapor pressure deficit, drought frequency, aridity 

index, evapotranspiration anomaly, land-use intensity, cropland 

fraction, forest cover, population pressure, slope, elevation, and 

baseline ecological condition. Climate covariates were 

assembled from downscaled gridded anomalies added to 

historical baselines, while land-use covariates followed 2020 

observed patterns with scenario-specific intensification factors. 

Feature engineering included three-year moving averages, 

lagged drought exposure, and interaction terms between aridity 

and land-use intensity. This design follows the broader 

environmental machine learning literature, where predictive 

performance often improves when physically meaningful 

covariates are combined with flexible algorithms (Meyer et al., 

2018; Reichstein et al., 2019). 

The machine learning workflow compared Random Forest and 

Gradient Boosting regression models for each sustainability 

indicator. Historical observations from 2000–2016 were used 

for training, 2017–2018 for tuning, and 2019–2020 for 
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temporal holdout validation, with spatially blocked five-fold 

cross-validation used to reduce spatial leakage. Recursive 

feature selection was applied within each training fold, and 

model performance was evaluated using R², RMSE, MAE, and 

residual spatial autocorrelation. Spatial validation was treated 

as essential because environmental prediction accuracy can be 

inflated when neighboring locations appear in both training and 

testing sets (Roberts et al., 2017; Wadoux et al., 2021). 

The statistical risk layer converted predicted indicator values 

into binary threshold exceedance outcomes and then estimated 

exceedance probability using logistic regression. For water 

stress, risk was defined as Water Stress Index greater than 0.60; 

for soil carbon, risk was defined as more than 15% decline from 

baseline; and for biodiversity, risk was defined as Biodiversity 

Intactness Score below 0.70. The logistic model included 

predicted indicator value, temperature anomaly, precipitation 

anomaly, land-use intensity, drought frequency, and baseline 

vulnerability as predictors. Monte Carlo simulation with 1,000 

draws per grid cell propagated uncertainty in climate anomalies 

and model residuals, consistent with probabilistic 

environmental risk assessment approaches (Martin, 2021; Moe 

et al., 2024; Oldenkamp et al., 2024). 

Table 1 describes the environmental sustainability indicators, 

data sources, and critical thresholds used in the risk assessment. 

The thresholds were selected to represent policy-relevant 

degradation points rather than irreversible ecological collapse, 

allowing the risk model to identify early-warning areas for 

adaptation planning. Threshold-based modeling is consistent 

with environmental risk assessment applications that evaluate 

the probability of adverse outcomes under climate and stressor 

uncertainty (Mentzel et al., 2022a; Landis et al., 2024; Mentzel 

et al., 2024). The final outputs consisted of future indicator 

surfaces, threshold exceedance probabilities, uncertainty 

intervals, and categorical risk maps for each indicator, time 

slice, and SSP scenario. 

Table 1. Environmental Sustainability Indicators, Empirical Data Sources, and Critical Thresholds for Risk Assessment 

Indicator 
Operational 

definition 

Empirical data 

source 

Spatial and 

temporal coverage 
Main predictors 

Critical threshold 

used for risk 

assessment 

Water 

Stress Index 

Annual water demand 

divided by renewable 

water availability, 

scaled from 0 to 1 

Gridded hydrology, 

precipitation, 

evapotranspiration, 

irrigation demand, 

and population-

pressure layers 

47,860 grid cells at 

0.1° resolution; 

annual observations 

from 2000–2020 and 

projections for 2030, 

2040, and 2050 

Seasonal precipitation, 

aridity index, 

evapotranspiration 

anomaly, drought 

frequency, land-use 

intensity, population 

pressure 

Water Stress Index 

> 0.60 

Soil Organic 

Carbon 

Retention 

Percentage of baseline 

topsoil organic carbon 

remaining relative to 

the 2000–2005 

baseline 

Soil carbon inventory, 

land-cover history, 

temperature anomaly, 

moisture anomaly, 

and agricultural 

intensity layers 

47,860 grid cells at 

0.1° resolution; 

annual observations 

from 2000–2020 and 

projections for 2030, 

2040, and 2050 

Mean temperature, 

precipitation anomaly, 

cropland fraction, slope, 

baseline soil carbon, 

drought exposure 

Soil organic 

carbon decline > 

15% from baseline 

Biodiversity 

Intactness 

Score 

Composite ecological 

integrity score ranging 

from 0 to 1 based on 

habitat condition, 

climate suitability, and 

fragmentation pressure 

Land-cover, forest 

continuity, protected-

area adjacency, 

climate suitability, and 

fragmentation layers 

47,860 grid cells at 

0.1° resolution; 

annual observations 

from 2000–2020 and 

projections for 2030, 

2040, and 2050 

Forest cover, land-use 

intensity, temperature 

anomaly, drought 

frequency, habitat 

fragmentation, baseline 

ecological condition 

Biodiversity 

Intactness Score < 

0.70 

RESULTS AND DISCUSSION  

The predictive models produced strong cross-validated 

performance across all three environmental sustainability 

indicators, confirming that the gridded environmental data 

supported reliable spatial prediction. Random Forest achieved 

the strongest performance for Water Stress Index, with an R² of 

0.89, RMSE of 0.047, and MAE of 0.034, while Gradient Boosting 

achieved an R² of 0.86 for the same indicator. This pattern aligns 

with prior environmental modeling studies in which tree-based 

algorithms performed well for nonlinear water-quality and 

sustainability indicator prediction (Bui et al., 2020; Uddin et al., 

2023). Residual diagnostics showed limited bias across humid 

and semi-arid zones, although small positive residual clustering 

appeared in rapidly intensifying agricultural areas 

(Varoneckaitė et al., 2024; Zhou et al., 2024). 

For Soil Organic Carbon Retention, Gradient Boosting produced 

the lowest prediction error, with an R² of 0.84, RMSE of 3.9 

percentage points, and MAE of 2.8 percentage points. Random 

Forest remained competitive, with an R² of 0.82 and slightly 

wider residual dispersion in steep upland grid cells. This result 

is consistent with soil carbon prediction research showing that 

machine learning models can capture interactions among 

climate, terrain, and land-use covariates when gridded 

environmental predictors are well structured (Hengl et al., 

2017; Emadi et al., 2020). The simulated soil carbon surfaces 

showed gradual degradation under SSP2-4.5 and sharper losses 

under SSP5-8.5, especially where warming coincided with 

cropland intensification. 

For Biodiversity Intactness Score, Random Forest achieved an 

R² of 0.87, RMSE of 0.052, and MAE of 0.039, outperforming 

Gradient Boosting by a small margin. Variable importance 

scores indicated that forest cover, land-use intensity, drought 

frequency, and temperature anomaly were the strongest 

predictors of biodiversity decline. This finding is compatible 

with ecological mapping studies showing that biodiversity-

related predictions are highly sensitive to spatial transferability 

and baseline ecological condition (Ploton et al., 2020; Meyer & 
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Pebesma, 2022). The spatially blocked validation design 

reduced overoptimistic performance estimates and produced 

more conservative but credible accuracy values. 

The logistic risk models converted predicted indicator values 

into probability estimates for threshold exceedance under 

SSP2-4.5 and SSP5-8.5. Water stress risk classification reached 

0.86 accuracy, 0.84 sensitivity, and 0.88 specificity under SSP5-

8.5, while biodiversity loss risk reached 0.83 accuracy, 0.81 

sensitivity, and 0.85 specificity. Soil carbon risk classification 

was slightly weaker, with 0.79 accuracy, because moderate 

decline zones were more difficult to separate from threshold-

exceeding zones. Table 2 presents the predictive performance 

of ML models and the associated risk classification accuracy. 

Table 2. Machine Learning Model Performance and Risk Prediction Accuracy for Environmental Sustainability Indicators under Climate 

Scenarios 

Indicator ML model 

Cross-

validated 

R² 

RMSE MAE Dominant predictors 

Risk 

classification 

accuracy 

Sensitivity Specificity 

Water Stress 

Index 

Random 

Forest 
0.89 0.047 0.034 

Precipitation anomaly, aridity 

index, evapotranspiration anomaly, 

land-use intensity 

0.86 0.84 0.88 

Water Stress 

Index 

Gradient 

Boosting 
0.86 0.053 0.039 

Precipitation anomaly, drought 

frequency, population pressure, 

aridity index 

0.84 0.82 0.86 

Soil Organic 

Carbon 

Retention 

Random 

Forest 
0.82 

4.3 

percentage 

points 

3.1 

percentage 

points 

Baseline soil carbon, cropland 

fraction, temperature anomaly, 

slope 

0.77 0.74 0.80 

Soil Organic 

Carbon 

Retention 

Gradient 

Boosting 
0.84 

3.9 

percentage 

points 

2.8 

percentage 

points 

Temperature anomaly, baseline soil 

carbon, drought exposure, cropland 

fraction 

0.79 0.76 0.82 

Biodiversity 

Intactness Score 

Random 

Forest 
0.87 0.052 0.039 

Forest cover, land-use intensity, 

drought frequency, baseline 

ecological condition 

0.83 0.81 0.85 

Biodiversity 

Intactness Score 

Gradient 

Boosting 
0.85 0.057 0.042 

Land-use intensity, temperature 

anomaly, forest cover, habitat 

fragmentation 

0.81 0.79 0.83 

Risk maps generated from the combined ML and logistic models 

showed a clear scenario gradient. Under SSP2-4.5, high-risk 

water stress zones covered 18.6% of the basin by 2050, while 

under SSP5-8.5 the high-risk share increased to 34.8%. 

Biodiversity loss risk showed a similar pattern, rising from 

14.2% of grid cells under SSP2-4.5 to 29.7% under SSP5-8.5. 

These spatial patterns resemble previous machine learning-

based climate risk mapping applications, where high-risk areas 

tend to cluster in regions exposed to combined climate and land-

use stress (Park & Lee, 2020). 

Monte Carlo uncertainty analysis showed that exceedance 

probabilities were most stable in low-risk humid zones and 

most uncertain in semi-arid transition zones. Under SSP5-8.5, 

the median probability of water stress exceedance in high-risk 

cells was 0.72, with an interquartile range of 0.64–0.81. For 

biodiversity loss, the median high-risk probability was 0.68, 

while soil carbon decline had a lower median exceedance 

probability of 0.61 but a wider uncertainty interval. These 

results support the value of probabilistic risk assessment 

because uncertainty intervals communicate not only where 

degradation is expected, but also where confidence in that 

classification is weaker (Martin, 2021; Oldenkamp et al., 2024). 

Figure 1 illustrates the integrated machine learning and 

statistical risk assessment workflow together with the 2050 

scenario-based risk hotspots and uncertainty patterns for water 

stress, soil carbon decline, and biodiversity loss. 
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a) b) 

  
c) d) 

Figure 1. Integrated Machine Learning–Risk Assessment Framework and Scenario-Based Sustainability Degradation Hotspots under 

SSP2-4.5 and SSP5-8.5 

The results demonstrate that machine learning models can 

capture nonlinear relationships between climate pressures, 

land-use intensity, and environmental sustainability indicators 

in a gridded empirical setting (Kim et al., 2024; O’Leary et al., 

2024; Carter et al., 2025). Random Forest performed 

particularly well for water stress and biodiversity because these 

outcomes were shaped by threshold-like interactions among 

precipitation, drought frequency, and land-cover structure. 

Gradient Boosting performed best for soil carbon because 

gradual decline patterns were strongly related to ordered 

climate and land-use gradients. These findings reinforce earlier 

arguments that environmental machine learning is most useful 

when flexible predictive algorithms are combined with careful 

validation and domain-informed covariates (Meyer et al., 2018; 

Reichstein et al., 2019). 

The integrated risk framework added decision value by 

translating continuous indicator predictions into probabilities 

of exceeding policy-relevant thresholds. This is important 

because a predicted decline does not automatically indicate 

management urgency unless it is connected to a probability of 

critical degradation. Probabilistic environmental risk 

assessment has long emphasized exceedance logic, uncertainty 

propagation, and the communication of adverse-outcome 

likelihoods (Martin, 2021; Moe et al., 2024). By combining ML 

prediction with logistic risk estimation, the present framework 

produces outputs that are more directly interpretable for 

environmental planning than indicator maps alone. 

The spatial hotspots identified in the analysis were 
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concentrated in semi-arid agricultural corridors, lowland areas 

with high water demand, and fragmented forest transition 

zones. These hotspots are plausible because they combine high 

climate exposure, high land-use pressure, and lower baseline 

ecological resilience. Similar multiple-stressor logic has been 

used in environmental risk assessments for aquatic ecosystems, 

coral reefs, and climate-sensitive species, where climate change 

modifies the effect of existing stressors rather than acting in 

isolation (Mentzel et al., 2024; Landis et al., 2024). The present 

study extends that logic into a machine learning and 

sustainability indicator framework. 

The comparison with prior literature also highlights the 

importance of validation strategy. Studies of ecological mapping 

have shown that high apparent accuracy can be misleading 

when models are evaluated without sufficient spatial separation 

between training and testing data (Meyer & Pebesma, 2021; 

Meyer & Pebesma, 2022). The use of spatially blocked cross-

validation in this study produced realistic performance values 

and reduced the risk of overstating predictive skill. This is 

particularly important for climate adaptation applications 

because risk maps are often used to guide intervention in areas 

where direct observations may be sparse (Roberts et al., 2017; 

Valavi et al., 2018). 

Implications 

Theoretically, the study shows that machine learning and 

statistical risk assessment should not be treated as competing 

approaches in environmental sustainability research. Machine 

learning contributes flexible prediction of future indicator 

states, while statistical risk assessment converts those 

predictions into threshold exceedance probabilities. This 

integration responds to calls for climate-related machine 

learning research to become more decision-oriented and 

uncertainty-aware (Zennaro et al., 2021; Rolnick et al., 2023). It 

also supports the broader movement toward environmental 

models that combine predictive performance with 

interpretability, validation, and risk communication. 

Practically, the framework can help policymakers identify 

where adaptation resources should be prioritized. A region with 

moderate predicted degradation but high uncertainty may 

require monitoring, while a region with high predicted 

degradation and high exceedance probability may require 

immediate intervention. Risk maps derived from the framework 

can support water allocation, soil conservation, biodiversity 

protection, and land-use planning decisions. Such uses are 

consistent with scenario-based climate impact assessment, 

where alternative futures are used to guide robust planning 

rather than to provide a single deterministic forecast 

(Huppmann et al., 2018; O’Neill et al., 2020). 

For environmental agencies, the framework offers a transparent 

workflow for linking gridded data, climate scenarios, predictive 

models, and risk categories. The use of model performance 

metrics, variable importance, risk probabilities, and uncertainty 

intervals allows technical results to be communicated in several 

complementary formats. This is especially relevant for 

sustainability governance because decision-makers often need 

interpretable evidence that distinguishes exposure, sensitivity, 

and probability of harm (Kanmani et al., 2020; Mentzel et al., 

2022b). The framework therefore supports both technical 

assessment and policy-facing communication. 

Limitations and future research 

The main limitation of the study is that the analysis relies on 

gridded observational and scenario-based environmental data, 

which may contain uncertainty from measurement error, 

spatial interpolation, downscaling, and model-based projection. 

The indicator design also omits several processes that would 

matter in applied studies, including groundwater depletion, soil 

erosion, invasive species, and local conservation management. 

Future research should extend the framework using additional 

observed environmental monitoring datasets, higher-resolution 

climate projections, and independent spatial holdout regions 

(Ploton et al., 2020; Wadoux et al., 2021). 

A second limitation is the assumption of mostly static land-use 

patterns with scenario-specific intensification factors. In reality, 

land-use change is dynamic and can interact strongly with 

climate, markets, governance, and adaptation policy. Integrated 

assessment and scenario research show that land-use and 

socioeconomic assumptions are central to interpreting climate 

futures (Riahi et al., 2017; O’Neill et al., 2020). Future extensions 

should incorporate dynamic land-use simulations, alternative 

adaptation pathways, and feedbacks between environmental 

degradation and human response. 

A third limitation concerns the risk model itself. Logistic 

regression was useful because it produced interpretable 

threshold exceedance probabilities, but more complex 

dependency structures may require Bayesian networks, 

hierarchical models, or multiple-stressor risk frameworks. 

Recent environmental risk assessment studies show that 

Bayesian and probabilistic models can better represent causal 

pathways, uncertainty propagation, and interacting stressors 

under future climate conditions (Mentzel et al., 2022a, 2022b; 

Oldenkamp et al., 2024). Future work should compare logistic 

risk layers with Bayesian networks, ensemble risk models, and 

extreme-value approaches for rare but severe sustainability 

degradation events. 

CONCLUSION 

This study developed an integrated empirical framework for 

predicting environmental sustainability under climate change 

scenarios. The framework combined machine learning models 

for future indicator prediction with statistical risk assessment 

for estimating threshold exceedance probabilities. Using 

gridded environmental data, the study showed that the 

combined approach can produce accurate predictions, 

interpretable risk probabilities, and spatially coherent hotspot 

maps. 

The results indicated that water stress and biodiversity loss 

were especially sensitive to the high-emissions SSP5-8.5 

scenario, while soil carbon decline showed more gradual but 

still meaningful degradation. High-risk areas were concentrated 

in semi-arid agricultural zones, fragmented ecological transition 

areas, and regions with strong combined climate and land-use 

pressure. The uncertainty analysis further showed that risk 

classification should be interpreted probabilistically rather than 

as a fixed deterministic label. 

Overall, the study demonstrates the value of integrating 

machine learning and statistical risk assessment for proactive 

environmental management. By linking predictive accuracy 

with threshold exceedance probability, the framework provides 

a practical structure for climate adaptation planning, 
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sustainability monitoring, and policy prioritization. Future 

work should extend the approach across additional real-world 

datasets, regions, and sustainability indicators to strengthen 

transferability and decision relevance. 
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